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RÉSUMÉ
Préseutenient nous utilisons des sous-marins, véhicules téléguidés, caméras, sonars
et autres équipements de hautes technologies afin d’explorer et étudier des sources
hydrothermales. Cachés au fond des océans, ces écosystèmes sont encore régis des dy
namiques qui nous échappent. Sans l’aide de survol de haute définition décrivant de
vastes étendues, les études spatio-temporelles n’ont aucune puissance.
A l’intérieur de CC projet, 110115 émettons l’hypothèse (t1lE. les doimées récoltées par
sonar sont polyvalentes et riches en information permettant l’identification et la carto
graphie de communautés. d’espèces et de types de substrats.
Parmi les divers aspects ciue nous abordons clans cette éticle, nous touchons l’im
portance d’effectuer une bonne normalisation pour la profondeur ainsi que les différents
types de variables à extraire des survols sonores. Nous avons différencié avec succès les
cinq habitats dominants retrouvés à l’intérieur d’un champ hydrothermal en fonction de
leurs signatures sonores et décris cesclites signatures en fonction des variables que nous
avons utilisées. Pour faire suite à cette étude pilote, afin d’identifier à quels éléments
du paysage les signatures sonores sont sensibles, nous avons analysé les signatures so
nores à l’aide d’une description exhaustive de tous les éléments visuels retrouvés dans
les empreintes sonores. Apte à couvrir de vastes surfaces, cette technique est efficace
et sensible aux différentes textures et densité associées aux communautés biologiques
etuhees. Nous croyons Cflft’ cette méthode est un IllOyeli pi1lssant I rinettant l’étiule
de la distribution de communautés. de leur évolution ainsi que des dynamiques des
écosystèmes.
MOTS CLÉS : Anatyse canonique: type d habitat• sources hydrothc’rmaÏes; sous
marin. téléquidé; tél(détcctzon: écho sonore : vidéo.
iv
ABSTRACT
Today, we lise suhmarines, remotelv operateci vehicles. towed cameras. sonars. anti
many other high—tech instruments, to explore and stucly hydrothermal vents. In this
world hiclden under the sea, comrnunity clynamics needs to be understood. It is only
tlirough high-definition surveys carried ont at broad scales that spatio-temporal studies
become meaniiigfiil. In this project, we hypothesized that hackscatter information
would be a data-rich and versatile way of estimating auJ recogliizing the distribution
auJ composition of commimities of species and substrate types, through the intensity
signatures of their respective textures.
Throughout this research, mauy aspects of this remote sensing technicine are dis
cussed. For example, the importance of accurate depth normalisation and the types
of variables that are to be extracted from suci surveys. Tested on the five dominant
habitats found in a hydrothermal vent field. using the described method. we succesftilly
discrimiuated habitats hased on their sonar signatures and also attempted to describe
the sonar signatures types hased on the many variables we used. After such initial
testing. in an attempt to identify to what elemeut of the landscape sonar signatures
are sensible, we related the sonar signatures to an exhaustive video description made
of tue sonar footprint areas that had been sarnpled. This technique can be used in
surveys covering broad areas because it is efficient anti sensible to the textures and
densities associated with the dominant biological communities encountered. We helieve
this method will greatly enhance studies of comnmnity distribution and evolution and
of ecosystem dyuamics.
KEY 1vVORDS Canonicat analysis: haïntat types; hydrother’rnat vents: remoteÏy
operated vehicÏe; rernote Sensnig, backscatter,video.
VTABLE DES MATIÈRES
RÉSUMÉ
ABSTRACT iv
TABLE DES MATIÈRES y
LISTE DES TABLEAUX viii
LISTE DES FIGURES . ix
LISTE DES SIGLES x
DÉDICACE
REMERCIEMENTS xii
CHAPITRE 1 : Introduction générale 1
1.1 Les sources hycirothermales abyssales t origine, découverte et exploration 1
1.2 Les sources hydrothennales abyssales les uiéthodes et leurs limites
. $
CHAPITRE 2 : The use of video surveys, a Geographic Information
System and sonar backscatter data to study faunal
commuriity dynamics at Juan de Fuca Ridge hydro
thermal vents 12
2.1 Introduction 13
2.2 Material and methods 15
2.2.1 Stucly sites 15
2.2.2 Image and soiiar acquisition 15
2.2.3 Mapping auJ GIS construction . . . . 15
2.2.4 Sonar backscatter experiments 16
2.3 Resuits auJ discussion 20
vi
2.3.1 Overali trenci.
2.3.2 Deisity iricreases and successioi (1999-2000)
2.3.3 Density decrease arici senescence (2000-2001)
2.3.4 Backscatter differentiation
2.4 Coic1usioi
2.5 Ackiow1edgements
CHAPITRE 3 : Sonar backscatter differentiation of dominant macro-
habitat types in a hydrothermal vent field
3.1 Abstract
3.2 Introduction
3.3 Materials alld methods
3.3.1 Stucly site arid habitat descriptioll
3.3.2 Study desigil
3.3.3 Signal processing methods
3.4 Resuits
3.4.1 Relationship betweeii PCC auJ altitude
3.5 Technical discussion
3.5.1 Tue illflhlellce of altitude
3.5.2 The nature of the five habitat type signatures
3.6 Conclusion
3.6.1 Tecimical implications for other domains
3.7 Ackiowledgments
28
29313434373$1619525252575960
CHAPITRE 4 : Classification et détection d’habitats
de signatures sonores
4.1 Résumé
4.2 Iutroductioi
4.3 Méthodes
benthiques à l’aide
61
62
63
65
20
21
21
22
26
27
vii
1.3.1 Acciuisition des doiiies 65
4.3.2 Traitement des doiilées et extraction des variables 65
4.4 Analyses et résultats 6$
4.4.1 Transects verticaux 6$
4.4.2 Trallsects horizontaux 70
4.5 Discussioll et conclusion 72
CHAPITRE 5 : Conclusion 73
BIBLIOGRAPHIE 77
APPENDICE A: The definitions of the VE variables along with their
transformation details, the transformation trials for
the VI data sets, and the variables retained by forward
selection are shown xiii
APPENDICE B: Habitat clusters, obtained from different altitude
ranges using the SEL variable subset, and projected
on the ftrst and second discriminant axes xx
APPENDICE C: Description and usage of the Sonarex package writ
ten in R laiiguage to analyse the Imagenex backscat
ters xxviii
C.Ï sonarex xxix
C.2 iniport.imatxt xxxi
C.3 extract
. xxxiv
C.4 analyse xl
C.5 ldaTest xlv
C.6 rdaTest xlviii
C.7 graph.lclaTest li
C.$ graph.rdalest lv
viii
LISTE DES TABLEAUX
2.1 Distribution percentages of polynoid and tubeworm assemblages 17
2.11 Resuits of K-means partitioning of backscatter signatures for the 5
studied habitats 24
3.1 Percentages of correct classification 44
3.11 Habitat assignments of ail echoes based oll the VT data tables. using
the complete variable sets (COM) 51
3.111 Correlation hetween sonar variables auj habitat types, for the three
altitude ranges 53
A.I Definitions, transformations. and skewness values of the VE variables xiv
A.II Transformation trial for the VI data table and subtables xvi
A.III Variables found in the FWD variable sets xviii
Lx
LISTE DES FIGURES
2.1 Acoustic retum areadefinition. 18
2.2 Map of Cloud vent site describing the successional changes between
two faunal assemblages during the 1999-2000 period 19
2.3 Exemple of contrasting habitat types sud bacbcatter signatures at
ClamBedvent 23
3.1 Habitats respective sonar signature sud picture 36
3.2 Echo segmentation of a real bacbcatter 39
3.3 The oveWd intensities of every bacbcatters used 41
3.4 Both original sud power conected bacbcatter profiles 47
4.1 Discrimination d’échos acquis entre 7 et 10 mètres OEaltitiule 69
4.2 Projection conelant 21 variables sonores sur deux axes canoniques. 71
B.1 Bacbcatter discrimination results using W variables sud subtable
l-4m zodi
B.2 Bacbcatter discrimination results using W variables sud subtable
4-7m xxiII
B.3 Bacbcatter discrimination resulta using W variables sud subtable
7-10m xxiv
B.4 Bacbcatter discrimination results using VE variables sud subtable
14m xxv
B.5 Bacbcatter discrimination results using VE variables sud subtable
4-7m
B.6 Badoecatter discrimination results using VE variables sud subtable
7-10m xxvii
XLISTE DES SIGLES
CLAM Habitat. de palourdes
LIMP Habitat de patelles
TUBE Habitat de buisson de vestirneiltifaires
LAVA Habitat de lave mie
PERI Habitat en périphérie des buissons de vestimentifères
ROV “Rernotely operated vehicle” (ROV)
LBL ‘Long hase-une”
USBL Utra-short base-une”
VE Groupe de variables extraites
VI Groupe de variables d’intellsité
VT Groupe de variables extraites et d’illtensité
xi
«Dans liwnnêteté mordante du se&
la mer révèle ses secrets à ceux qui savent écouter.»
Sandra Benitez
t.. Al y a une mesure en toutes choses7
et savoir la saisir à propos est la première des sciences.»
Théuilstocle
xii
REMERCIEMENTS
Il y a un gcniifre entre le mouLent où Fou entame umie maîtrise et le moment ou
mémoire est enfin soumis. Le trajet d’mm bord à l’autre est semé d’éprouvantes em
bûches et de nombreux détours. Je n’ai réussi à faire ce parcours que grâce à un certain
nombre de personnes qui ont su me guider et me soutenir clans ce chemin non balisé.
Donc par ordre d’apparition
Merci à Mike Fellow pour Finstallation des paramètres de survol du sonar Imagenex
$81; à Imagenex Corp. pour le support technique: à Les J. Ramilton pour Faide ciuil
m’a apportée afin d’analyser mes échos; à J. Iliman pour sa grande expérience, ses
blagues en mer et la formation de navigateur qu’il m’a donnée. Rencontré au cours des
nombreuses expéditions en mer. qui m’ont boulversées clans tous les sens dii terme, je
remercie Féquipage du navire de la garde cotière canadienne le John P. Tully, pour leur
accueil et leur compétence. Plonger à 2200 mètres de profondeur est u exploit en soit.
ciue j’ai vue réalisé à de nombreuses reprises par les membres de l’équipe du ROPOS. Je
remercie donc tous les membres de l’équipe du ROPOS pour leur patience, leur humour
et leur savoir-faire ainsi que Keith Shepherd pour les opportunités qu’il m’a données de
découvrir Focéan et dexplorer le monde des abysses. Un gros merci à Stéphane Dray.
un ami et collègue qui ma initié au langage R et qui ma souvent guidé et sorti des
mes incompréhensions statistiques: à mon codirecteur Kim Juniper, qui m’a permis de
vivre une expérience plus grande que nature dans deux océans du globe. qui a su me
conseiller et répondre à mes questions portant sur l’écologie des sources hydrothermales.
J’exprime ma gratitude à l’endroit de mon directeur de recherche Pierre Legendre, qui
par la justesse de ses mots, la qualité de sa science et l’écoute, donc il a fait preuve, ma
guidé et, initié au travail et à la rigueur scientifique.
Enfin, je remercie les correcteurs anonymes de mes articles scientifiques pour leurs
valeureuses remarques ainsi que tous les membres du comité-conseil pour leurs jucli
cieuses recommandations et leur support! Cette recherche a été parrainé par des sub
ventions d’occasions de recherche concertée (ORC) du CRSNG accordé à S. K .Jimiper
and P. Legendre, et par Canadian Scientific Submersible Facility”.
Finalement, je remercie chaleureusement ma famille pour leur support inconditionnel
et leur compréhension ; nies amis pour les nombreuses discussions, remises en question.
et évasions psychologicimes. Je remercie grandement ma copine Christine pour sou amour
et sa patience, qui tout ami long de ce voyage a su être la boussole au creux de ma main
et la niuse chantant à mon oreille.
CHAPITRE 1
INTRODUCTION GÉNÉRALE
1.1 Les sources hydrothermales abyssales : origine,
découverte et exploration
L’hvdrothermalisme marin est un processus géothermal qni remonte à des périodes
très reculées de l’histoire de la Terre. Il y a 4.4 milliards d’années, la Terre était à
la fin de sa période d’accrétion. Devenue suffisamment massive et munie d’un champ
gravitationnel apte à retenir les gaz, l’accumulation des émanations volcaniques a permis
à la Terre de s’envelopper dans sa première atmosphère. Environ 400 millions d’années
plus tard, une chute suffisante de la température a condensé la vapeur d’eau et sculpté les
premiers nuages (Allegre and Schueider, 1994). Les averses diluviennes qui s’ensuivirent
engendrèrent l’océan primitif, siège d’activité hydrothermale intense.
La compréhension des phénomènes reliés à ce genre d’activité terrestre naquit en
1915 avec Alfred Wegener qui développa, dans ‘The Origin of Continents and Oceans’, la
première théorie sur la dérive des continents. En 1960. Harry Hess soutint la théorie de
Wegener et expliqua le mécanisme permettant le déplacement des plaques tectoniques.
Selon Hess, un petit nombre de plaques rigides mais mouvantes recouvrirait toute la
surface de la Terre. Ces plaques seraient mues par les courants de chaleur internes de
la Terre. Générées dans les zones de divergences par le reflux de magma, ces plaques
seraient détruites clans les zones de subcluction par leur fusionnement avec le manteau
terrestre. Trois années plus tard, des inversions magnétiques enregistrées dans la croûte
terrestre près de zones de divergence furent découvertes (Masson, 1958). Ce fût Fred
Vine (Vine aud Drummond, 1963) qui lia ce phénomène à la création de la croûte
9terrestre dans les zones de divergence.
En 19ff, la première source hydrothermale marine fut découverte par Corliss et
Ballard ail cors d’uiie plongée faite à 30(10 mètres de profondeur le long des cotes des
îles Galapagos (Ballard, 1977; Corliss and Ballard, 197f). Situées sur les zones de cliver
geilce des plaques tectoniques on près de points chauds, les sources hvdrothermaÏes sont
soutenues par Factivité géothermale de la Terre. Aux zones de divergence, l’eau de mer
s’infiltre dans les tractures de la croitte océanique et tortue de vastes cellules (le CUt1VCC—
tien qui peuvent atteindre de deux à quatre kilomètres de profondeur (Kelley et al.,
2002; Wilcock et al., 2002). Pendant ce parcours, l’eau est acidifiée et est réchauffée par
l’activité de la chambre magmatique. Elle se charge aussi de nombreux éléments par
son contact constant avec la croûte océanique. Au niveau des évents hydrothermaux. on
trouve dans ces fluides des sulfures métalliques, du méthane, de foxyde de carbone, du
sulfure d’hydrogène et autres. Lors du contact de ces eaux chaudes avec l’eau de mer,
ces milléraiLx dissous précipitent et forment des dépôts hydrothermaux extraordinaire
ment riches en sulfures métalliques de fer, de ziic et de cuivre. Les teneurs minérales
mesiirees varient gran(iement et sotit fonction de la température et de la force (les fllLx
hydrothermaux à leur point d’expuision. Par exemple. les fumeurs noirs ont des tenipé
ratures de flux aux points d’expulsion variant entre 300 et 405 C (Tivey et al., 1990).
Ils rejettent, entre autres, du fer et de l’hydrogène sulfuré qui, se combinaut dans l’eau.
tortuent un panache noir rempli de particules de pyrite (FeS). Lorsqu’on les contpare à
celles des régions abyssales. les teneurs minérales expulsées par certains fumeurs noirs
représenteut un enrichissement par un facteur de i0. Par contre, lorsque le fluide est
dilué par de Peau de mer avant son éjection, sa température chute et certains minéraux
précipiteut à l’intérieur des canalisations, laissant les minéraux plus solubles en solu
tion. En conséquence, ce second type de fumeur. possédant un fitude variant entre 150
et 300 C. produit en majorité du calcium, du baryiuu et du silicium. Ces minéraux
précipitent lors du contact avec Peau de mer et forment un nuage blanc composé de
sulfures. tel que Fanhydrite soluble (CaSO1) (Kelley et al., 2002).
3À des profondeurs de 2000 à 4000 mètres. la noirceur absolue règne sur des eaux
avoisinant les 2 °C. Les organismes des plaines abyssales, adaptés à des pressions de 300
atmosphères, d’une densité nioyeime de vingt vers et opliiures l»W niètre carré (Tmmi—
cliffe and Thomson, 1999), ne subsistent que grâce aux maigres ressources alimentaires
provenant de la couche photique. Cependant clans le milieu voisin, à proximité des
sources hydrothermales, la présence de communautés d’organismes uniques prospérant
dans un écosystème t’iciie a bonleversée le inoiide de la biologie. Comparativement aux
écosystèmes de surface où la chaîne alimentaire dépend de la photosynthèse, les sources
hydrothermales furent le premier exemple d’écosystème fondé exclusivement sur la chi
miosynthèse à être découvert. La photolyse rendue impossible par l’absence de lumière.
l’échelon primaire de cet écosystème utilise l’énorme potentiel énergétique dérivé des
fortes concentrations de composés chimiques et de la chaleur élevée des fluides. Cette
flore bactérienne, composée de bactéries autotrophes, oxyde des minéraux réduits pour
produire l’énergie chimique nécessaire au métabolisme. Retrouvées non seulement en
suspension, sur les substrats et dans les réseaux des canalisations hyclrothermales sub
superficiels (Januasch antI Mottl, 1985), niais aussi sur et à l’intérieur meule (le certains
organismes. ces bactéries jouent un rôle capital. La hiomasse associée aux sources hdro
thermales peut-être de 500 à 1000 fois supérieures à celle des déserts abyssaux (Juuiper.
2003). En périphérie de ces grands fumeurs noirs près des flux diffus, l’on retrouve des
comiminantés constituées de petits organismes d’une grande (liversité taxinomique et
d’une densité pouvant atteindre un demi-million d’animaux par mètre carré (Tunnicliffe
and Thomson, 1999).
Hormis le fait dine ce nouvel écosystème soit très productif, il est fortement iII-
stable et précaire. Un champ h cirothermal ne possède qu’une longévité de quelques
centaines d’aunées et les cheminées elles-mêmes, vestiges de l’activité thermique de ces
sites, ne sont maintenues actives que de 10 à 20 ans (Tunnicliffe, 1990). En oxydant le
sulfure d’hydrogène, les bactéries produisent l’énergie nécessaire pour fixer le carbone
du C02 retrouvé dans l’eau. C’est clone à partir de cette source de carbone organique
4ciue l’étrange chaîne biologique de cet écosystème s’est développée. La première liste
d’animaux des sources hycirothermales, publiée en 1985, montrait des organismes dont
la plupart étaient inconnus de la science t de nouvelles espèces, des genres et même.
des familles furent créées. La faune qui habite ce milieu est principalement composée
d’invertébrés tels ciue des vers, des mollusques et des arthropodes; cela est étonnant
puisque partout ailleurs sur les fonds océaniques, ce sont les éponges, les anémones et
autres (1111 dominent (Grassie, 1986). En tait, 93d, des 375 especes retrouvees auprès des
sources ne vivent qu’au voisinage des fluides hydrothermaux. ce (lui représente un taux
d’endémisme exceptionnel en milieu océanique (Tunnicliffe and Fowler. 1996). Compa
rativement au reste de l’océan profond, les communautés hydrothermales comportent
des espèces animales (mollusques et crabes) qui ont conservé des caractères primitifs
connus seulement chez les espèces fossiles. Ces faits combinés et décrient dans Tunni
cliffe (1992), suggèrent que cet écosystème possède une faune d’une origine ancienne
datant du Paléozoïque qui aurait suivi une évolution biogéographique associée depuis
fort longtemps aux évents hydrothermaux.
Depuis cette découverte d’importance, plusieurs chercheurs s ‘ulterr( )gellt sur le rôle
joué par ce milieu extrême dans l’apparition de la vie. Selon une hypothèse générale
ment acceptée, niais mise en doute par (Brasier et al., 2004), les stromatolites datant
de 3.460 milliards d’années seraient les plus vieux fossiles actuellement connus. Ils au
raient été formes par l’activité de micro—organisnles photosyi ithetiques maiins similaires
aux cyanobactéries ($chopf, 1999). Parmi cet ancien groupe d’organismes que sont les
procaryotes, les ardhéobactéries représentent la forme de vie la plus primitive sur notre
planète. mais aussi la plus extrémophile, puisqu’on y trouve des organismes thermoaci
dophiles. hyperthermophiles, halophiles extrêmes et méthanogènes. Encore aujourcl’lmi.
à l’intérieur des murs des cheminées hydrothermales, on retrouve une des archéobacté
ries les plus tolérantes à la chaleur Pyrotobus fu’marii se reproduit à 113 °C (Blôchl
et al., 1997; Kashefi aildI Lovley, 2003). En examinant attentivement les conditions phy
siques et chimiques extrêmes (telles que fortes températures, concentrations chimiques
5et pressions) présentes dans le réseau subsuperficiel des sources hydrothermales, On
remarciue que ces sites conserventt encore (le DOS jours des conditions similaires sinon
identiques à celles de l’océan archéen (Nisbet and Sleep, 2001). Cela fait (le cet environ
nement un milieu à tout le moins propice au maintien d’organisnies anciens, comme les
Methanopyrus, un genre d’archéobactérie méthanogène hyperthermophule vivant aussi
dans les cheminées on les situe près de la base de l’arbre séparant les archéobactéries
des bactéries et (les eucarvot.es. Bref. pOUr l’observateur attentif, les sources liydrother—
males forment des oasis qui semblent ouvrir une fenêtre permettant un regard sur un
Ancien Monde qui a su échapper au temps.
De façon plus descriptive, les peuplements hycirothermaux renfermellt de multiples
microhabitats auxquels différents organismes se sont spécifiquement associés. Du centre
à la périphérie de ces zones. les températures. les concentrations chimiciues et la quantité
de ressources nutritives diminuent avec la distance. Vues de haut, ces communautés
d’organismes forment des zones concentriques autour des points de rejet. Par exemple
ParaivineÏia snlfincoia est un aimélicie cmi est souvent la première espèce à coloniser
le substrat des nouvelles ciiemmées et qui doit subir les ct-)nditions environnementales
les pius extrêmes de cet écosystème, c’est-à-dire une pluie constante de précipités, de
fortes concentrations de composés toxiques (H2S) et de très fortes températures (jusqu’à
105°C). Là où les conditions sont moins extrêmes. certaines espèces ont développé des
relations symbiotiques avec les bactéries autotrophes afin (le subvenir à leurs besoins
nutritifs. Les vestimentifères sont des vers tubicoles qui se nourrissent uniquement des
bactéries symbiotiques situées à l’intérieur d’un organe interne appelé le trophosome.
Chez les Vesicomyidae Calypto9ena magnifica et C. pacifica, qui sont des palourdt-s.
on a retrouvé des bactéries symbiotiques localisées dans leurs branchies hypertrophiées
(Kochevar and Childress. 1996). Cette adaptation, qui répond entièrement aux besoins
nutritionnels de l’organisme hôte, génère une forte dépendance aux composés retrouvés
clans les fluides thermaux tels que FHS et le CC2. Le fait d’avoir une relation si directe
avec les bactéries permet à ces organisnies de proliférer rapidement et d’établir des
6comrmmautés denses et florissantes. Chez d’autres espèces, différentes stratégies sont
utilisées. Bath.ymofiiotus thermophitus, une antre espèce de bivalve, utilise trois modes
clahinentatinu elle se iiournt (le ses symbiotes, elle récOlte (les particules eu suspellsi()H
et elle absorbe de petites particules organiques (Nelson et al., 1995). Grâce à cette diète
mixotrophe. cette espèce est souvent retrouvée à la périphérie des sources.
Les conditions physiques et chimiciues extrêmes (les champs hydrothermaix créent
une barrière écologique c1iii protège les peuplements CR11 Y 5011t adaptés des prétÏatenrs
provenant d’autres écosystèmes. Les colonies de vestimentifères forment des buissons
qui offrent protection et nourriture à d’autres espèces. Dun point de vue écologique.
ces buissons forment le centre des communautés animales qu’on retrouve aux sources
hydrothermales de la dorsale .Juan (le Fuca, car une grande partie (le la diversité biolo
gique leur est associée. On y trouve des poulpes, des patelles, des palourdes, des crabes.
des poissons et de nombreuses espèces de ver. Au sommet de la chaîne alimentaire, trois
groupes (le carnivores dominent. Chez les mollusques, on trouve par exemple des bigor
neaLx. des pieuvres. (les poulpes blancs et (les poulpes à oreilles. Chez les crustacés.
Bythoqraea thermydon est u;i petit crabe blanc aveugle (lui abonde dans les buissons
de vestirnentifères. Un peu plus gros, Cyanagraea p’racdcitor est un crabe des ftuneurs
qui se nourrit de polychètes tels que Paralvinetia suifincoÏa et d’autres espèces retrou
vées à proximité des frimeurs. Ces deux espèces de crabe nont jamais été observées en
dehors des sites hyrotherlualix, mais un de leurs cousins, le crabe—araignée (Macro—
regonia macrochira), est une espèce beaucoup plus grosse et non endémique: c’est un
des grands prédateurs de cet écosystème. Dans ce rôle de prédateur, il est accompagné
par diverses espèces (le poissons comme le Thermarces cerbr’us. un poisson blanchltre
de 30 cm de longueur ressemblant à une anguille obèse ou de grosseur plus imposante:
le grenadier (Coryphaenoides acrolepis), le chabot à grosse tête (Psychroïnes phrictus)
ainsi que dautres espèces visitent cet écosystème riche.
Depuis la découverte des sources hyclrothermales, les scientifiques développent de
nouveaux outils et de nouvelles technologies afin de percer les secrets de cet écosys
ztèrne datant des premiers âges de la Terre. Les scientifiques ont cfaborcl utilisé des
sous-marins habités pour explorer cet environnenieut reclus. Eu 1989 le premier ROV
(fleiiiote1y Operated Ve1iich) fut utilisé poul affranchir la recherche tics besoins et li
mites tics écuipages humains. Cela a marqué le début d’une nouvelle ère d’exploration.
Dorénavant, l’étude des sources se fait à l’aide de robots, véhicules téléguidés, caméras.
sonars et plusieurs autres instruments de haute technologie.
81.2 Les sources hydrothermales abyssales : les
méthodes et leurs limites
En pleine mer. étudier un écosystème situé à deux on trois mille mètres de pro-
fondeur est une tâche complexe. Depuis la découverte des sources hydrot.hermales en
1977, la façon de les d’étudier n’a guère changé. Au fond de l’océan. les techniques
vidéo et photographiques jouent un rôle clef. Ces instruments servent 11011 seulement
à la navigation et à Fexploration des sites de plongée, mais ils permettent également
aux scientfficiues décliantillonner et d’effectuer des études taxinomiques, écologiques et
comportementales.
Les méthodes vidéo sont très informatives, mais elles dépendent de la lumière. À
proximité des sources hvdrothermales. Féclairage fourni pai les sous-marins et les vé
hicules téléguidés est souvent insuffisant. La lumière est très vite absorbée par l’eau et
par les nombreuses particules minérales et bactériennes mises en suspension par les flux
hydrothermaux. Ce phénomène limite l’obtention cfenregistrements vidéo de qualité à
des survols effectués à de très basses altitudes (près du fond). Parmi les champs de
roches basaltiques se dressent des cheminées aux formes irrégulières et tranchantes. fa
çonnées par l’activité des sources hydrothermales, ces cheminées sont structurellement
instables et lorsquelles sont actives peuvent émettre des fluides dlépassallt les 400 C.
Lors de survols effectués à basse altitude, les pilotes doivent redoubler de vigilance afin
de prendre en considération tous ces facteurs, ce qui a pour effet de rendre de telles
manoeuvres très dangereuses et. astreignantes.
Malgré tout. le nombreuses cartes et mosaÏ(flIes de photos ont été construites à partir
de méthodes vidéo automatisées. Malheureusement. les données issues de ces méthodes
sont difficiles à traiter et prennent un temps considérable à extraire. Le problème tient au
fait. que les images utilisées dÏoivent êtres étirées et corrigées en fonction du relief survolé
trois on quatre points lasers, projetés depuis le submersible. fournissent le référentiel.
En pratique, même pour des survols vidéo réussis effectués entre trois et cincf mètres au-
9dessus du fond, les grands taux d’absorption et la résolution clii support vidéo rendent
périlleuse l’identification des organismes; il en va de même pour les points lumineux des
lasers qui sont souvent à peine visiTées. Dans le cadre (le ce memoire. l’identification
minutieuse des organismes et des types de substrats vus pour chacune des secondes
d’un survol vidéo de trois heures a pris plus de deux mois à être effectué. En dépit des
efforts déployés et la faible distance séparant les organismes de l’objectif de la caméra.
certaines classes dl’organismes n’ont pu etre identifiées par manque de visibilité et de
résolution. En conséquence. il devient difficile d’obtenir des images claires de la réalité
spatio-temporelle des sites étudiés à l’aide de telles méthodes. Considérant les coûts
élevés associés aux expéditions en mer et la praticabilité réduite de ces techniques.
les scientifiques sont forcés de se tourner vers d’autres méthodes pour les études de la
structure spatiale de ces écosystèmes.
Contrairement aux méthodes utilisant, la lumière, les méthodes sonores ont l’avan
tage d’utiliser des ondes qui se propagent très bien en milieu aqueux et clui sont indé
pendantes des sotirces lumineuses. Alors que certaills mammifères marins sont passés
maitres en la matière, l’utilisation du son a (les fins de télédétection est mi outil encore
peu maîtrisé par l’homme. Le premier sonar passif (écoute seulement, pas d’émission).
créé par Lewis Nixon eu 1906, fut construit pour permettre la détection des icebergs.
Après les modifications déterminantes (le Paul Langevin, cliii étaient fondées sur les pro
priétés piezo—eletriques (1H quartz, I(’ sonar passif a permis la détection des sous—marins
au cours de la Première Guerre mondiale. En 191$. conjuguant récepteur et émet
teur, l’Angleterre et les États-Unis ont développé les premiers sonars actifs .Au cours
de la Deuxième Guerre mondiale, les Américains ont créé l’acronyme “sonar” à partir
de l’expression “Sound Navigation and Ranging”. Plusieurs années plus tard, en 1972.
R. H. Belderson publie “Sonographs of the seafloor”, un des premiers livres décrivant
clairement les différentes étapes associées à l’interprétation de signaux sonores permet
tant la création de cartes bathymétriques. Afin d’accomplir cette tàche, en réponse aux
multiples avancements technologiques, divers types de sonars sont maintenant dispo
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nibles sur le marché. Il en existe trois grandes catégories les échosondeurs, les sonars
à balayage latéral et les sonars à multifaisceanx. La distinction principale mitre ces cli
Vers 1Ï1O(lt1eS est le nombre de faisceaux sonores utilises L’augmentati ai du nombre de
faisceaux donne une meilleure résolution et une plus grande couverture. Contrairement
aux deux groupes possédant plusieurs faisceaux (généralement deux pour les sonars à
balayage latéral et des dizaines pour les sonars à multifaisceaux), l’échosoudeur, lui. en
utilise un seul.
Dans le cadre de ce mémoire, nous présentons une série de développements métho
dologicues visant à améliorer la cartographie écologique des fonds marins à l’aide de
données sonores. Nous tentons d’identifier et d’extraire des signatures sonores à partir
des échos enregistrés. Ces signatures sonores nous permettront d’identifier les habitats
dominants retrouvés dans un champ hydrothermal.
Pour obtenir des informations biologiques et environnementales pertinentes, l’étude
doit. porter sur les petites aires de distribution des habitats qu’on retrouve à Pinté-
rieur d’un champ hydrothermal. Les sonars à multifaisceaux ou latéraux ont été conçus
P011T fÏéchantillorlner de grain [es surfaces. Lorsqu’on utilise les faisceaux niultiples.
l’écho enregistré correspond à la somme des différentes réflexions produites; par consé
quent, l’écho enregistré ne peut pas être redivisé. Ainsi, l’information contenue dans cet
écho peut seulement être utilisée pour caractériser l’ensemble de la zone échantillon
née. L’acquisition déclins aptes à decrire de petites cibles ne peut se faire cjn avec un
échosondeur.
Ce mémoire de maîtrise est composé de trois articles qui se recoupent légèrement.
Le premier article, publié en 2002. présente deux méthodes d’investigation basées res
pectivement sur l’information visuelle et sonore. Nous avons utilisé des survols vidéo
acdluis au cours de trois années consécutives pour étudier la dynamique des commu
nautés fa.uniques d’un champ hydrothermal. Après avoir dessiné les cartes annuelles de
distribution d’habitat à partir de ces survols vidéo, nous les avons comparées et ana
lysées à l’aide du logiciel Idrisi, un système d’information géographique (SIC). Nous
‘I
avons évalué les différentes linntatious associées au survol vidéo. Les résultats prélimi
naires d’une étude pilote sont également présentés; cette étude a pour but d’évaluer
la capacité qu’ont les signaux sonores de différencier les habitats eu fonction de leurs
différences de texture et de densité.
Constatant les résultats encourageants de cette étude pilote, le deuxième article,
qui est en ce moment sous presse, approfondit divers aspects associés à la méthode de
télédétection par sonar. Après avoir décrit (le façon detaillée notre methode (1 analyse.
nons testons si l’information extraite des signaux sonores de haute fréquence permet
la discrimination précise des cinq habitats dominants que nous avons retrouvés dans le
champ hydrothermal à l’étude. Nous évaluons aussi l’influence de la taille des empreintes
sonores sur la qualité des signaux enregistrés. Puis, à titre exploratoire, nous utilisons
et testons divers jeux de variables afin d’identifier celles qui sont les plus sensibles
aux divers types de texture et de densité associées aux habitats échantillonnés par le
sonar. Des annexes de l’article décrivent les détails de la méthode. Une bibliothèque de
programmes en langage statistique R permettra à la communauté scientifique d’utiliser
les méthodes de décomposition des sigualLx sonores que lions avons developpees (le
même que les méthodes d’analyse de données que nons avons programmées et utilisées
dans cet article.
Le dernier article, publié en 2005, traite plus eu détail des aspects méthodologiques et
statistiques reliés à la télédétection sonore. Le jeu de donuees prsente dans le deuxième
article est constitué de transects verticaux; nous l’utilisons ici pour explorer et évaluer le
potentiel de discrimination de notre méthode, et ce. pour différentes tailles d’empreintes
sonores. Finalement, nous utilisons un nouveau jeu de données constitué de multiples
trausects horizontaux pour étudier les corrélations reliant les divers éléments dn paysage
aux variables extraites des signaux sonores enregistrés.
CHAPITRE 2
THE USE 0F VIDEO SURVEYS, A GEOGRAPHIC
INFORMATION SYSTEM AND SONAR BACKSCATTER
DATA 10 STUDY FAUNAL COMMUNITY DYNAMICS
AT JUAN DE FUCA RIDGE HYDROTHERMAL VENTS
»
— 1’) 1 -. 1Sebastien DURKND Marlene LE BEL , S. Kim JUNIPER
aiid Pierre LEGENDRE2
Cahiers de Biologie Marine. (2002) 43 : 235-240.
1 GEO TOP Universite» du Québec à Montréal, C.P. 8888 s’ucc.
Centre- Vilie-Montréa.l (Québec). H3C-3P8. Can ada 2 Département des Sciences
Biologiques
- Université de Montréat, C.P. 618 sncc.
Centre— Vdie—Mont’réai (Q’uébec), HC—3J7. Canada,
13
2.1 Introduction
The stucly of benthic faunal dynamics in the deep sea is often hampered by tech
nical limitations that include our inability to accurately reconstruct or view areas of
seafloor larger than what can be seen throngh submersible view ports or camera lenses.
Manual mappmg and image mosaicking have been used with some success to analyse
organism distribution within vent sites and at the scale of hycirothermal fielcïs (Juniper
et al., 199$). In both cases, video or photo transects serve as the primary source of
information. Image mosaicking, in principle, is less subjective than mapping by hand,
but the present state of the art recfl;ires precise control of camera distance and viewing
angle to avoid spatial distortion as images are adjnsted and fltted into the mosaic (Gre
han and Juniper, 1996). The reality of operating submersibles over the rngged volcanic
and snlphide edifice terrains where hydrothermal vents are found does not aiways per
mit collection of imagery suitable for mosaicking, and so manual mapping from vicleo
records is still used in some applications (Sarrazin et al., 1997). Both techniques yield
useftil maps that can he used to elucidate relationships hetween vent organism distri
bution and habitat features. Time-series mapping with either method can be used to
study organism growth, faunal successioi, and the response of species and communities
to environmental change. Cartographic studies of vent fauna can he further developed
by integration of map data into a Geographic Information System (GIS). where a range
of powerful. automated spatial analysis tools can be used to explore ecological questions.
This paper reports on a combined hand mapping and GIS approach that we have
been using to study early fannal community dynamics at Cloud Vent, a new hydrother
mal site created by a January 199$ eruption on Axial Volcano, on the Juan de Fuca
Ridge. We also report on preliminary resnlts of organism and substratum differentiation
iII sonar backscatter signals, and consider their complementarity with visual imagery.
Sonar backscatter analysis offers a potential for automated, swath mapping of habi
tat over large areas of seafloor, at scales that go well beyond what can be practicably
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achieved with visual imagery-. Seafloor geological sud biological features influence die
strength anti temporal distribution of the acoustic signal that is reflected back to the
detector (the first echo), aœouling to thefr respective densities sud textures.
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2.2 Material and methods
2.2.1 Study sites
Cloud Vellt (45°56’OO”N
- 129°58’53”W) is located oi the South-East of Axial Vol
cano caldera (16°N - 130°W) on the Jian de Fica Ridge. 200 nautical niiles off the
Britisli-Cohimbia coast. The site is 1500 m Jeep aicl covers a 12m x 10m area of shal
low collapse in the ceitral portion of the lava fiow generateci by the January 1998
eruptior. This site was the focus of our video transects auJ GIS mapping stucly.
Soiar backscatter experimeiits were conducted at Clam Bed (47°57’47”N -
129°05’ 30”W), a larger vent field located on the Endeavour Segment of the Juan de
Fuca Ricige. The circa 50m x 20m site consists of two roughly parallel 2-3m high north
soutli trencling ridges colonised by tubeworm (Ridgea piscesae) ancl alvinellid poly—
chaete/limpet assemblages. The depression betweeu the ridges is slightÏy sedimented
auJ hosts vesicomyid clams.
2.2.2 Image and sonar acquisition
The Reniotelv Operated Vehicle ROPOS (ROV) was useci for acquisition of ail video
and sonar irnagery. Imagery from the siibmersible’s SIT (Silicon Intensified Targeting)
auJ 3-CCD (Charge-Coupled Device) cameras was recouded to S-VHS or digital (Mini
DV) tapes. Vicleo imagery was recorded cluring overlappiiig zigzag imagillg transects
at Clond Vent. where the submersible held a constant heading. The SIT video iniagery
served to determine the general site profile ancl to reconstruct geological features. The 3-
CCD coour camera was used for faunal community identification and characterisation.
2.2.3 Mapping and GIS construction
Vent faunai distribution maps for 1998. 1999. 2000 and 2001 ere constructed folÏow
ing the mapping methods described in (Delaney et al., 1992: Sarrazin auJ Jimiper, 1998;
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Sarrazin et al., 1997). Brieflv. while repeatedlv viewing the recorded video transects.
visnally distinct famal assemblages were hand drawn on a hackgromd geological map
that included two reference niarkers (N1 S N6). Information on the relative clensity of
the faunal assemblages was also incorporated into the distribution maps. Hand drawn
maps were then scanneci, ami imported into a graphics program (Freehand®) where
the distribution of cadi faunal assemblage was traced into a separate layer, along with
relative densitv information. Eadh layer Was hrst nnportf-C into tic GIS as separate a
georeferenced laver, anti then integrated into a single GIS using Idrisi® software. E•ach
layer was georeferenced using tic positions of tic visible markers, and transect begin
ning arid end positions. as (Ïetermmed by the suhmersihle’s long baseline navigation
systern (using tic Universal Transverse Mercator, Zone 9 North UTM-9N” coorclinate
system). As a result of tic resampling or “georeferencing” process, the initial image
files were stretcheci and rota,ted in order to fit the mapping projection (UTM-9N), tins
generatiiig directÏy coniparahie maps.
2.2.4 Sonar backscatter experiments
Sonar hackscatter investigations used an Imagenex 881 mechanical scanning sonar,
which lias a resolution of 0.15°, a pericil heam of 1.7°, n frequency of 675 kHz auJ a
maximum range of 100 ni. In order to evaïnate tic ahiÏity of tic sonar to distingnisi
between different bottoni types and different benthic comnmnities, we conducted a se-
ries of grounti trnthing experiments. Tic submersible was positioned over 5 visiially
distinct habitat or bottom types in the Clam Beci field. and sonar data were collected as
the vehicle slowlv rose verticallv from Oui to 25m altitude while insonifying the seafloor
below. for these experiments, tic sonar head was fixed stationary and facing straight
down (zero degree angle). Tic selected habitat/bottom types were:
1) Ridge top without tubeworms
2) Ridge top witi semi—continuous tubeworin husies
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3) Ridge top with dense. continuons tubeworm hiishes
4) Ridge top with polychaete/limpet assemblages
5) Sedimeited clepression with clams
At least 1t) hackscatters for each habitat type, obtained hetween 2.5 and 3.5m alti
tucle, were mcluded in this preliminarv analysis. At this height. the footprint (insonifed
area) is a 9 cm diameter circle. Once the sonar data were post-processed (ifitereci for
ambient noise, then normalized for depth following Clarke and Hamilton, 1999), the
backscatter tau was extracteci from the first echo (Fig. 2.1) and intensity/time values
were analysed usiiig Principal Components Analvsis (PCA). The principal components
that accounted for 95o of the variation of the original multivariate data were retained
for partitioning. K-means partitioning (Legendre et al., 2002) was then performecl on
the principal components (coordinates of the objects i PCA ordination space) to group
the different signature types. The best partition or grouping produced was selected us
ing the Calinski-Harahasz (C-H) criterion. which is a F-statistic.
Table 2.1: Yearly distribution of polynoid polychaete and tubeworm assemblages within
the two mapped zones (N4 and N6) at Cloud Vent, Axial Volcano. Data are percentages
of the area in each zone occupied hy the two assemblages.
Site (m2) N4 (11.56) N6 (34.76) Total area (16.32)
Year 1999 2000 2001 1999 20t]0 2001 1999 2000 2001
Polynoids (%) 29.33 37.55 13.02 10.14 6.75 1.81 14.93 14.44 4.61
Tuheworrns (Yo) 0.66 7.05 5.05 3.60 27.31 14.55 2.87 22.25 12.18
Total area (%) 29.99 44.59 18.06 13.74 34.07 16.36 17.80 36.69 16.79
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figure 2.1: Acotistic return (sigilal streugth versus tirne) detected hy the Imagenex 881
sonar head following initiation of a single ping. The backscatter tau (shaded area) us
the entire fiïst echo IflilIliS the diiration of tue sonar interrogatioli pmg. The sliape of
the signal (power fluctuation over tirne) is a function of bottom texture and density.
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Figure 2.2: Map of Cloud Vent showing the zones where polynoids and tubeworrns in
creased in density, as well as the successional changes between these two fauna.1 assem
blages during the 1999-2000 period. 1.6% of this area showed simple density increases of
these two communities over the 1-year interval. whule 011 3.6% of the surface polynoids
were replaced by tubeworms. and 24.0% of the study area wa.s colonised de novo by
t ubeworms.
20
2.3 Resuits and discussion
Poor visibility in some ears linnted visual mapping to separate zones around the two
markers placed in 199$. Tue zones were estimated to be 12.6m2 (marker N4) and 36.8m2
(marker 6) in area. Two visually distinct faunal assemblages were identified auJ
mapped cluring the 4 years of the study. Altliough tue composition of the assemblages
has not been formally described. we designated them as the polynoid polychaete auJ
tubeworm assemblages. The polynoid assemblage, which was the first to appear (1999).
was dominateci by the polynoid polychaete BrauchznotogÏ’uma sp.. The tuheworm as
semblage, which did not appear mitil the 2000 was dominated by the vestimentiferan
R’idgea pzscesae, the alvuiellid polychaete Paraïvinetta parifio’rae, Bra’nchinotoglurna sp.
and the linipet Lepetodril’us fucensis (J. Marcus, University of Victoria, personal coin
mimication).
Once the faunal distribution information was incorporated into the GIS, different
analytical software tools were used to study the spatial and temporal relationships
between the species, and between species and their environment. Table 2.1 summarizes
the year-to-year distribution of the polyiioid and tubeworm assemblages in tue niapped
zones around markers N4 and N6.
2.3.1 Overali trend
In the summer of 1998, approximately 8 months afrer the eruption that created
CloucI Vent, there were no visible faimal assemblages in the zones around the two
markers. The following year, the visible macrofama in both zones consisted almost
entirely of polynoid polvchaetes. with a few rare patches of tubeworms (Table 2.1). By
2000. the faunal compositions of zones N4 and ?6 had hegun to diverge. At N1. more
substratum was still occupied hy polynoid asseiïiblages than hy tubeworms, while ut
N6 tubeworms becanie the dominant group. In the final year of the stndy, there was
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no noticeahie shift in dominant groups in either zone but there was a general decrease
in areal occupation hy ail faunal assemblages. This observation is compatible with an
observed overali (Ïecrease 111 livdrcthernial outffow at tins site (S. Durand & i\I. Le Bel.
personal observation).
2.3.2 Den.sity increases and succession (1999-2000)
We undertook a cletailed analvsis of the progression of faunal colonization in the
1999-2000 interval, during which the most siguificant biologicai changes occurred at the
site. In this analvsis, we asked three questions of the database: 1) Did further de rwvo
colonization of previously hare surfaces occur durmg this interval? 2) To what extent
was the iuitial polynoid polychaete assemblage replaced by vestimentiferan tuhewonns?
3) Were there areas where the initial (mostly polynoid) assemblage remained dominant
and increased in density?
The results of tiiese analyses are sumniarised in Figure 2.2. The dominant change
during the 1999-2000 interval was de novo colonization of bare surfaces hy tubewormi
assemblages. We found that 24.0% of the study area was coloriised de novo hy tube
woriris hetween 1999 and 2000, while only 3.6% of the surface occupied hy polynoid
assemblages was taken over hy tubeworms. A further 1.6% of the total analysed area
simpiy showed density increases for the assemblage present in 1999.
2.3.3 Density decrease and senescence (2000-2001)
We undertook a second interrogation of the database in order to evaluate the con
sequences of a noticeable decrease of hydrothermal activity in the 2000-2001 interval.
Our initial questions were similar to the above consicleratioii of density increases and
succession: 1) To what extent did existing cominunities simply decrease in density?
(2.4% of the colonised surface), 2) b what extent were tubeworms replaced hy poly
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ioids (8.4% of coloniseci surface) 3) To what extent dicl the farina disappear aitogether
(20.8% of the total faunal coiollised surface)?
The greatest change iii the 2000-2001 interval involved the complete clisappearance
of existing farinai assemblages (iot shown). Slightly more than 20% of the previously
colonisecÏ surface was hare in 2001. On a further 8.4% of the colomsed surface, tubeworm
assemblages were replaceci by polynoids. With respect to the latter point, we note that
the dominant species in the polvnoid assemblage (BianchinotogÏuma sp.) was also
prescrit anti abunciant in the tuheworni assemblage. Thus the “replacement” likely
involveci. to a large extent, tue disappearance of the tuheworm overstory. as well as the
species living on their tubes, to expose the polynoicls on the substratum. Finally, for
another 2.4% of the surface colonized in 2001, there was a decrease in clensity of the
same faunal assemblage mapped in 2000.
2.3.4 Backscatter differentiatiorr
In the K-means analysis. the tuheworm backscatter signatures (dense bushes and
semi-continuous hushes, Fig. 2.3) were distinguished as a separate group in the 2-group
K-means solution. At that level (C-H statistic = 197.91) (not shown in the forin of a
table), most of the backscatter signatures of the dense (97%) and semi-continnous tube
worm hushes (86%) were grouped together. In the 4-group solution (C-H 147.82)
the clams and polychaete/limpet assemblages had about 10% of their signatures in a
group that they shared with the broken sheet ftow (Table 2.11). The clam and poly
chaete/hmpet assemblages also had iclentical percentages (58%) in a second group (Ta
ble 2.11). The lava flow and the dense tuheworm bushes each had a major portion of
their backscatter signatures in a single group (respectively 74% and 94%). The semi
continuons tubeworms habitat had a less distinct hackscatter signature, with 25%, 61%
and 13% of its echos cÏivided among three groups. These preliminary results indicate
that sonar backscatter analysis lias considerable potential for mapping habitat distri
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Figure 2.3: Example of contrastiiig habitat types alld backscatter sigilatures at Clam
Bed vent. a) Broken sheet lava ftow sigriatllre (photograph of site on right). b) Acoustic
signature of dense tubeworm bush (photograph on right). These sites were adjacellt to
cadi other On a ridge sunimit. The substratum beneath the tubeworm bush was similar
to the broken sheet lava ftow shown in (a).
24
Table 2.11: Resuits of K-means partitioning of hackscatter signatures for the 5 stud
ied habitats. The 2 auJ 4 group solutions representecl local maxima of t.he Calinski
Harahasz criterion. The 1-group solution clescrihed in this table provided the hest
separation of habitat types. Data for each habitat type (columns of the table) hidi—
cate the percentage of the total mimber of hackscatter signatures for that habitat that
belong to cadi of the 4 groups. Values above 50o are in bold.
Broken Dense Semi-continuous
Groupmg Clams Limpets
sheet flow tubeworms tuheworrns
1 1.5 3 58 .58 13
2 74 0 42 40 1
3 8 3 0 2 61
4 4 94 0 0 25
At this poillt in our analyses, we do not kiiow whether or not assemblages of smaller
vent organisms will be distmguishable from tlie surrounding hasaltic suhstratmri. Ap
plication of this niethoci to more complex terrains will he more difficuit. The Clam Bed
site was selected for this study hecause it offered a relativelv fiat bottom and contains no
mineral edifices. This avoided anv confouncling effects of relief on the backscatter signal.
The combination of mapping and GIS analysis allowed us to quantitatively coin-
pare the importance of the processes of de riovo colonization auJ faunal disappearance
at Cloud Vent in relation to shifts in assemblage composition or density. While we
camiot exciude the possibility that iiitermediate stages occurred hetween our 1-year
observation intervals. the data show that the rapid appearance and disappearauce of
fauna dominated the changes that occurred durhig the 4 years followhig the creation of
Cloud Vent. In a study of another eruption and colonization event on the Juan de Fuca
Ridge, Tunnicliffe et al. (1997) observed extensive blooms of bacteriaÏ mats followed by
colonization hy tubeworm assemblages. These authors suggested that mncrohial mats
might be a necessary precursor to colonization of hare rock surfaces by tubeworms. In
our 1998 video surveys, bacterial mats could he seen throughout the stucly area. How
ever. the poor visibility caused by the voluminous venting of fluids rich in suspended
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particles preveited the systematic mapping of bacterial mat distribution. By 1999,
one year before the appearance of extensive tuheworm assemblages at Cloud Veut, the
bacterial mats had largeiy disappeared. Ibis observation would argue agaiist the ne
cessity of ay precursor colonization hy microbial mats before the arrivai of tuheworms.
However, the presence or absence of thin bacterial films that might attract tubeworm
larvae cannot be confirmed from vicleo observations.
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2.4 Conclusion
Video rnappmg auJ sonar backscatter aia1ysis are noi-interventive techniques well
suited to time series studies of the rapidly evolving faiirial commimities that Jevelop
around cleep-sea hydrothermal vents. The integration of map data into a GIS, as briefiy
Jescrihed here. greatly enhances the power of this informatioll for the exp1oratioi of
ecological questions. Soiar hackscat.ter information, in addition to not heing hampereci
by lighting and visibility problems, offers the acivantage of permitting 3-dimensional
reconstruction of habitat distribution on the seafloor using topographical alld backscat
ter infonnation. However, there are stili a number of outstanding tpiestions concerning
the applicahility of sonar backscatter studies to the hycirothermal vent environment.
including habitat signature variability anci the detection of patchy colonization of hard
substrata that so often characterizes vent communities. We are presently investigatiung
these questiolls at the Cloud Vent auJ Clam Bed sites.
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3.1 Abstract
Over the past 20 years, sonar remote sensing lias opened ways of acquiring new spa
tial information on seaftoor habitat and ecosystem properties. While some researchers
are presently working to improve sonar methods so that broad-scale high-clefinition
surveys eau be efiectivel colIlueted for management I)111’P0Se, ot1it-ïs are trymg to I1SC
these surveying techniques in more local areas. Because ecosvstem management is scale
dependent, there is a need to acquire spatio-temporal knowleclge over various scales to
bridge the gap between already-acqmred point-source data and information available
at broacler scales.
Using a 675 kHz single-pericil-heani sollar momiteci on the Remotely Operated Velu
de ROPOS, 2200 rn deep on the Juan de fuca Ridge, East Pacifie Rise. five dominant
habitat types located in a hydrothermal vent field were identifled and characterizeci
by their sonar signatures. The data, collected at differeut altitudes from 1 to 10 m
above tIc seafloor, were depth-normalized. We compared tlree ways of liandiing the
echoes embeclcled in the backscatters to cletect and differentiate tIc five habitat types;
we examinecl tIc influence of footprint size on the discrimination capacity of the three
met.hods: alici we identifieci key variables. derivecl from echoes. that characterize eadli
habitat type. The first method used ii set ot variables des(:ribillg eelïo sliapes, the secouc
method used as variables tIc power intensity values fomid witiïin the echoes, whereas
tIc last methoci combmed all these variables.
Canonical discriminant analysis was used to discriminate among the five habitat
types usillg tIc tliree metlods. TIc discnnunant models were constructed using 707e
of the data wlule tIc remaining 30 were used for validation. 11e resuits slowed that
footprints 20 to 30 cm in diameter inchded a sufficient amount of spatial variation to
make the sonar signatures sensitive to the habitat types, producing on average $2.1
correct classification. Smaller footprints produced lower perceiltages of correct classifi
cation: iiistead of tle habitat types, tIc sonar data respoudeci to intra-patcl rouglness
and hardness characteristics. 11e sonar variables used in this study anci the methods
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for extractiiig anci transfor;iiing them are fully clescribed iii this paper, aicl available in
the public doinam.
KEY vVORD$ canonicaÏ dscrzninant a’naÏyss: habitat types: hydrothermat vents:
Juan de Fuca Ridge: RernoteÏy Ope’rated Vehicie (ROV);remote sensing: sonar backscat
ter.
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3.2 Introduction
Broad-scale remote sesmg surveys have brought mariy bellefits to agriculture, min
erai exploration and eirvironmental inanagemeirt in the terrestrial ellviroimlellt. In
the fleld of lailciscape ecology, satellite imagery, airborne photography, hyper-spectral
imagery, passive/active microwaves, radar, lidar systems, auJ so forth, provide infor
mation on habitat distribution, evolution, connectivity, structuririg process, recovery
rates, as well as evaluation of transition zones, meta-populations, anci even plant pop
ulation physiological status such as stress level (Carey et ai., 2003: Hewitt et al., 2004;
Kotchenova et al., 20tJ4; Lee auJ Airagnostou, 2004; Lee and Chough, 2001; Moya et al.,
2004; Schinicltlein and Sassin, 2004). However, because seawater is relatively opaque to
electromagnetic waves (foster-Smith auJ Sotheran, 2003), optical and radio-frequency
remote sensing tools find little applications in ecological studies and habitat manage
ment on the cleep ocean floor. Consiclering that more than 60% of the Earths surface
is covered by more than 1000 m of water, the lack of efficient investigation tools con
stitutes not oniy a serions obstacle to understanding the dynamics of biodiversity and
ecosystem ftmctioning at a global scale, but also ilïlpairs our capacity to correctly man
age deep-sea resources. On the rare occasions where towed platforms and research
submersibles reach such depths, mounted vicleo and stiil cameras cari he used to survey
organism distribution and, at smalÏer scaies, for direct estimates of benthic organism
density, micro-topography ami substrate characteristics. However, tire spatial scope auJ
resolvhrg power of light-based systems remaius very lirnited in what is essentially ail
aphotic auJ light-ahsorhirig (i.e., turhid) environment. Consequently, Jetaiied opticai
imaging of the Jeep seahed must be conducted at very slow speeds and cari rarely be
donc from altitudes that would provide optimal spatial resolution (Parry et al., 2003, in
situ experimentation). Benthic ecologists have long awaiteci tire cievelopment of efficient
remote sensing techniques that could be applied from a distance over large areas of the
Jeep ocean floor (Hewitt et ai., 2004). Even with the recent advances in light-based and
laser-hie systems (Carey et al., 2003: Irish and Liilycrop, 1999) developed for shaliow
32
environinents sucli as the coastal zoiw. acoustic technology remains the onlv methoci
that lias the potential to carry information through ultimatelv thousancis of meters of
water. Acoustic data also lend themselves nuicli more easily to automated mapping
and statistical analyses than do maps produced from underwater cameras.
Acoustic sounders and later-developed nmlti-heam sonars have heen used extensively
for precise. broad-scale mapping of seafloor topography. More recently, innovations in
sonar teclmology have alloweci researchers to ciemo;;strate the poteiitial for accurate
mapping of seafloor habitat characteristics at broaci scales. Through establisheci meth
ods (Burczynski. 2001: Burns et al., 1989: Chivers et al., 1990: Clarke ami Hamilton.
1999: Ellingseu et al.. 2002: Hamilton, 2001: Legendre et al.. 2002: Prager et aÏ., 1995).
commercially available systems such as BioSonics’ VBT, EchoviewT’, QTC VIE’V,
or RoxAmiTM are now used hy researchers to extract habitat information from returning
acoustic signais. Que une of cunent research is the development of effective methocis
to cover large areas that would involve ntaking the footprint of the sonar heam (sample
area) large eiiough to recluce extrapolation needs. This would, however. resuit in loss
of irifformation on micro-scale habitat heterogeneitv, which is of great inrportance for
comnmnity ecology and for maintenance of biodiversity. Unclerstancling ecological dy_
narnics and managing ecosystems require the ability to effectively map broad expanses.
as well as an understancling of smaller-scale ecosystem features, which quite often play
a determining mie at broader scales.
Using only acoustic spectral features, Pace and Gao (1988) successfully classified
six seabed types: sand. nmd, clav. gravel. stone, rock. Today. the most commonly used
method is to use a side-scan sonar using frequencies around 1 to 200 kHz to detect the
substratum type through the use of backscatter intensity curves ami texture analysis
of side-scan images (e.g., Brown et al.. 2002; Zajac et al., 2003). But there lias been
little methodological development for backscatter interpretation at the higher acoustic
frequencies that could clistinguish seafloor habitats and macrofamal communities.
Tins paper begins this niethodological development hy experimenting with acous
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tic returiis from a high frequeiicv sonar. in order to address the following ciuestioiis:
(1) Is the iiiformatiori found within backscatters inforiiiative enough to allow accurate
discriiniiiatinn of abyssal benthic habitats. iii tins partietilar case., five lidrotlïerinal
habitats within a vent field ecosystem? (2) If so, does increasing footprint size allow
the acqmsition of backscatters that are increasiiigly representative of the spatial hetero
geneity iiiherent to each habitat? (3) Can we finci specific sets of variables that coulci be
used to correctly identify the nature of tue habitat surveyed, baseci on sonar signatures?
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3.3 Materials arid methods
Acoustic information was ohtained during dives of the remotely-operated vehicle
(ROV) ROPOS in 2001 and 2002. Dives were conducted during cruises of the Cana
dan Coast Guarci SLip J.P. TuIly to the hydrothermal fields of the Endeavour Segment
ot the Juan de f1I(a Ridge, in the nortlieast Pacifie Oean. 300 km scaithwest of Van—
couver IslaiicL Acoustic data were ohtained using an Imagenex 881B singie-heam sonar,
equipped with a snb-miniature profihing heaci unit moclel 881-000-130, using 675 kHz
frequency auJ a 1.7° pencil beam width, mounted on the submersible. Subsea posi
tioning was determined using a long baseline acoustic navigation system (LBL) that
inchided a PSSO1t] Edgetech transceiver anci 5 hottom transponders georefèrenced us
ing the vessel’s DGPS system. Ail interrogation, receiving and processing relatecl for
this LBL system was handled through the Seascape auJ Workboat software on the
support vessel.
For ail the local navigation auJ gronnd-truthillg procedures, images from the sub
mersible’s Ïow-light, Silicou Intensified Targeting (SIT) camera. as vell as a 3-CCD color
video were recorded on S-VHS or digital (Mini-DV) tapes for post-processing (mainly
habitat iclentificat ion auJ transect filtering).
To transform and statisticaliy anaiyze the coilected sonar information, we developed
fnnctions under the R-project versiou 2.1.0 (R Development Core Team 2005). R is
a statistical language freely downioadahle from the Internet at URL: http://www.r
proj cet. org/.
3.3.1 Study site and habitat description
Located 2200 ni deep oii the Endeavour Segmeut of Juan Je Fuca Ridge (47°57’47”N
— 129°05’3tï’W). Ctainlwd is a liy(IrOthermal vent helfi (4 circa 50 in by 20 111 with a
central, activeiy venting chinmey (named Hershey-”) standing 2—3 m tail and surrounded
bv localized diffuse venting. Covered mostly by broken lava flows and nearly sediment
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free. the sites overail topography consists of two roughly parallel 2-3 m high north
south trending riciges colonized by hydrothermal vent tubeworms (Ridgela piscehae)
anci polychaete/liinpet assemblages (PazivineÏÏa paÏi,to’îyi,.zs. ParaÏvznc lia snlfi’neoia)
/ (Lepetod’r’itus fucerLsis). Between the riciges. lightly sedimented clepressions are found,
which host. small comuiunities of vesicomyicl clams (Calyptogen a cf. pacifica). anotiier
hydrothermal vent species. Baseci on previous sightings of the studieci vent field anci
on work Oïl Juan de fuca ridge hydrothermal species assemblages hy Sarrazin et al.
(1999). five visually distinct alld dominant habitats were selecteci to be probeci in situ.
In Fig. 3.1, a photograpli of eacli habitat is associated with a sample sonar signature
(first echo only).
1. Ridge top with dense. continuous tubeworm bushes (habitat code: Tube).—
Within this key habitat. the structure complexity of the dense tubeworm comnumities
bas been hypothesized to be a leading factor in diversity (Tsumurni anci Tunnicliffe.
2003). The chamieling effect that tubeworm comnuimties have on the hydrothermal
ftuid uught P-(ÏuCè the enviroumental cliemical and thermal fluctuations, just as tue
wind or temperature fluctuations are buffered in a terrestrial forest habitat. Within
this microcosm, tuheworms eau either serve as food source, refuge, or substratum, or
as a hunting ground. Easy to disthmguish from the other habitat types, these dense,
white, hush-like structures are ofteu covereci by microhial mats (e.g., Arcobacter sp. and
Fott’ic’uiina sp., (Léveillé and Juniper, 2003; Wirsen et al., 2002), alld host many srnall
worms and gastropods (e.g.. Lepidonotopodiu’m pzscesae. ParalvineÏia deta. Paraivinetta
paÏrrufoTrns, DepTessqy’ra giobntus), and stïuat lobsters (M’un’idopss aÏv’e9ca). Species
residing within the tuheworm hushes are rarely visible in the video recordings.
2. Ridge top with semi-coiltinuons tuheworm hushes (habitat code: Peri).— found
at the boundary of dense tuheworm hushes, this habita.t exhibits low tube densities and
is the most visually diverse of the five habitats selected. $pecies found both outside
anci inside the tubeworïïi colonies can he seen in recorded imagery. The substratum is
clearly visible over about 50%. of the area.
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Figure 3.1: Sample echo signatures at an altitude of 8.5 m (left), corresponding to the
habitat types pictured on the right. To represent the sample echo signatures, oiiiy the
flrst echoes of the backscatters were used here; the first and second echoes are clescribed
in Fig. 3.2.
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3. Ridge top without tuheworms (habitat code: Lava).—This habitat is the most
common of ail five habitats studied and it consists of bare to lightly-seclimented broken
basaltic ftuw sheets. It iS colomzed by VPf mw (lensitieS ot species I1Oll—en(lenliÇ tu
hydrothermal vents, such as unidentifled holothurians, starfish. sponges. anemones.
and a few cri ioids.
4. Ridge top with polychaete/limpet assemblages (habitat code: Limp) .—Usually
located in tlw imiiiediate vicimty ot visibly intense hydrothêrlilal flow einissions, these
highly localized and dense comimmities of limpets auJ polychaetes can completely
cover the underlying substratum. Some polychaetes (e.g., Lepidonotopodurri pisce
sac, Branchinotogiuma grasstei) can be seen attached to the small tubes anci sheils of
ParaiviuetÏa paimiformis, Paraivinetia snlfincoÏa aiad Lepetod’rit’izs fucensis.
5. $edimentecl depression with clams (habitat code: Clam).
- —Within the most
sedimenteci sections of Clamhed. a mixture of clams. empty shelis aid a few fallen
tubeworm tubes occur in sediment patclies often visited hy spider crabs (Macroregoriia
macrochzra).
3.3.2 Study design.
In a pilot stiidy (Durand et al., 2002), we showed that sonar signatures were sensi
tive ellough to differentiate geological auJ biological features based on their respective
densities, textures and structures. To pursue the assessment of the use of sonar signa
tures as a remote sensing tool requires some basic assumptions to be made: (1) Local
v.’ater variations iII chemistry. temperature. and amount of suspended particles clid not
siglllficantly influence backscatters. (2) ROV subniarille llOjSêS, gf;•, or transpondêr
soiiar installations did not interfere with the sonar acquisition process. (3) for every
accinired backscatter. the area of seafloor receiving the sonar interrogation ping was
horizontal and ifat (Clarke and Hamilton. 1999).
b assess the discrimination power of our sonar system, sonar data were collected
at different altitudes from 1 to 10 m above the seaftoor, using vertical transects. At
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least three vertical transects representing each habitat were taken at different locations
in the field. With the sonar head aiways pointhg straigbt down (at zero clegree angle).
each vertical transect started in a stable and controlled position with the ROV resting
011 top of the selected site. After a short acciuisition period, henceforth referred to as
the stable section, a slow and controlled vertical ascent was instigated. During sonar
acquisition, both the SIT and color vicleo cameras were recording. Once beyond 5
ni of altitude, the pilot increased the submarine ascent speecl to minimize unwantect
horizontal drifting. Drifting is caused in part hy the increased speed of horizontal
currents as the submersible rises above the seafloor: it is also a direct conseqiiece of
visibility deterioration with altitude, winch interferes with piloting. Using reference
points such as key geological structures anci other objects visually iclentifiecl at the
beginning of cadi transect recording, the transect positioning and good visihility coulci
he ensured only until an altitude of 10 in. None of the data acquired beyond this
altitude limit were used since the positioni;ig was too uncertain aiid proue to error. A
total of 18 vertical transects were acquired, with an average duration of 1.5 min and
about 670 sonar piïigs per transect. In 52 min 53 sec of raw recording, 7761 backscatters
were recorded in digital form with a mean sampling interval of 0.11 sec, within the 1 to
10 ni altitude range.
3.3.3 Signal processing methods
Visuai fiitering and data freat’rnents
With the footprhits localized o SIT video frames, each sonar trallsect was visually
filtered. Transect segments where the footprints were outside the targeted habitat
aïid frames with poor visihility were eliminated. Using an algorithm developed for
tins researcli and descrihed in the next two subsections, the raw hackscatters of the
retained transect portioiis were analyzed. The begimiiiig of the first echo was located
by scanning the hackscatters for their ftrst substantial intensity increase. These areas
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were tiien useci to estirnate the sonar head accluisition altitude cluriiig sampling; Fig.
3.2 descrihes how the hackscatters were segrneuted.
Figure 3.2: Echo segnlentatioll of a real backscatter, acquired at 1.28 rn of altitude,
for which intensities have only been filtereci for noise. The intensitv variables describeci
in fig. 3.3 corne frorn the l echo complete area. The other variables were extracted
using both 11w first ancl second echoes.
Using these altitude estimates. a filtering procedure was irntiated to identify auJ re—
rnove any other ohviously bad signais carryillg incornplete echoes or erroneous iutensity
curves. To detect and locate the first and second echoes (Fig. 3.2) inside a backscatter.
both the original and srnoothed backscatter were used: the srnoothing algorithrn used
a moving window averaging 21 consecutive intensity values. We removed any acoustic
return for which detection of either the first or second echo failed. For the rernaining
7646 acoustic returus, we subtracted frorn the whole echo the signal arnhient noise,
averaged frorn the noise estimation areas. For logistic reasons, the recordhig of a large
number of the echoes stopped witliin the second echo set area. As a resuit, derived
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variables that express proportions between the first and second echoes consider only
the second echo rise area.
$iiice OHr (Ïata were iqiiirecI at difierent altitudes, to compare echoes with une
another, a depth normalization procedure was applied to correct hoth the strength of
the recorded iutensitv values anci the temporal spreadiug of the backscatters (Clarke
ami Hamilton, 1999: Hamilton, 2001). Note that since the sonar heam is a cone, the
size of the sampleci area, or footprint, is physically linked to the acquisition altitude.
Therefore, evei with depth rlormalizatioll that accounts for temporal spreading and
power, it is not possible to compensate for the effect of insonifying a large versus a
small habitat area. To assess the impact of such variation, altitude-dependellt data
tables, described below, were extracted and aualyzed.
Sonar variable extraction methods
Three approaches were used to extract variables from backscatters. The ftrst ap
proach is similar to the methods usefi in the QTC VIEW’1. RoxAim, ami BioSonics’
software. Vve computed a series of variables from both the first and second echo sections
of ail depthuormalized backscatters, producing a data table of 2$ extracted variables
referred to as VE (not shown). descrihing locations, sectio;s, or proportions of areas.
These variables are described iII Appemiix A, Table A.I.
The secoid method nsed only the intensities of the first echo as variables. Once
depth normalization was applied, the associated temporal correction stretched or com
pressed the inchviclual acoustic returus. Intensities had originally been recorded at
13.333 p,s intervals; the nitensities making up the first eclio were resampled with a
10 jts samnpling interval. after smoothing ushig the “iiiterspline” function of the R lan
guage (R:: package: :spliiies: :interspline). Usiiig these equally-spaced intensity values. we
created our intensity variables (Tut) by averaging sets of Eve consecutive values, and
we assemhled them in a data table referred to as VI (not shown), which contained a
maximum of 92 cousecutive iiitensity variables per backscatter. For shorter echoes not
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prociucing 92 variables, zeros fihled the empt.y ceils. The third rnethod combined ail the
variables found in VE and VI into a new data table called VT.
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Figure 3.3: Picture combiuillg the intensity values of ail hackscatters used in this stucly.
The clond of grey stars represents the first 150 ii;tensity values found hi the first echo of
ail acoustic returils. Each box plot portravs the localized distribution of five consecutive
intensity values. which form one illtensity variable. The wiiiskers of the box plots
show the minimum and maximum values. while the boxes show subsection quartiles
(respectively, 25, 50 auJ 75%).
I Fig. 3.3, cadi box plot gives a (lexdnptive insight mto the role of the first 3t)
intensity variables used in the VI anci VI data tal)les. By combimng the box plot
positions ami the mean and median hues. it is possible to visually characterize the
variables. The variables averaged from the correspondhig iutensity groups 1-5, 6-10
and 11-15, cailed “Intl-5”, “Int6-10” auJ “Tutu-15” respectively, clearly represent the
rising portion of the echoes. Variables “IntlG-20” auJ ‘Int21-25” describe the first echo
peak. The intensity values from 26 to 90 (illtensity variables “hit26-30” to “hitS6-90”)
correspond to the backscatter tail or set area of the first echo. Beyond that, the curve
becomes ftat ancl cannot be visrially interpreted.
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Data, fittering. segmentation and transformations
In data tables VI. VE and Vi. any variable exhibiting no variation within either
of ouï habitat types, as well as any variable showing very littie variation, or less than
10 individual values differing from the mean, was rernoved. The first 59 variables were
kept in data table VI (“Int1-5 to “Int291-295’); 25 variables remained in data table VE
after ‘Histo5” to “Histof” had been removed (Table AI).
In order to bring the data tables close to the ;ïmltinormality condition, which would
improve the performance of discriminant analysis (next section), clifferent transforma
tions were applied to the VI aid VE data tables prior to the creation of table Vi. In
data table VI, 15 possible transformations described in Table A.II of Appendix A were
tried in turn on six different subtahies. Because ah variables found in data table VI
are of the saine nature (they represent signal intensities). they should ah he suhjected
to tue saine transformation. To estimate the common skewness of all transects, we
stanclardized the values of ea.ch variable within each transect. which controls for the
effect of the first two moments of their distributions. and cornbined the standardized
values in a single table. The absolute values of skewness were averaged across variables
for each VI data table. The transformation that produced the sniahlest mean skewness
was selected.
For data table VE, ahi variables were not of the same nature and did not have similar
distributions. Therefore, for cadi variable we tested the following: no transformation,
the sciuare root, the double square root or the log transformation. ancl selected the
transformation that produced the smallest skewness. After applying the best transfor
mation to each variable. ah variables founch in the VI anch VE sets were cOml)ined to
create Vi data tables.
For cadi of the resulting and newly transformed VI. VE ami VT data tables. 5 new
subtables were createch. Using only the backscatters fourni in the stable section (code
STB, about 1 m altitude) of each transect, STB subtables were constructed for each
habitat and used for control and initial tests. This application was restricted to the
13
STB subtables hecatise ail their backscatters had heen acquired cluring the period of
greatest visibility, ensuring accurate habitat identification; altitude variations were also
iniimnum so that the acquisitioii of acotistic returns was unaffected by fIeptll—relatefÏ
phenomena (sec Clarke and Hamilton, 1999). Then, three altitude-related subtahies
were created using the following backscatter altitude acquisition ranges: 1 to 4 in, 4 to
7 in, and 7 to 10 m. Finally. for each of the five habitats, the backscatters found in the
best altitude transect, in terms of visual sample quality anci ROV dispiacement, were
used to produce the BEST suhtables. We then assessed the discriminating power of
our three sets of variables found in the VI. VE and VT data tables. and the effect of
altitude and footprint size, by combining the information provided by the analysis of
all these subtables.
StatisticaÏ analyses
To assess the cliscriminating power of the sonar variables founcl in the VI. VE.
and VT data tables, the percentage of correct classification (PCC) afrer discriminant
analysis was computed using the function R;-Pkg::MASS::predict.lda. For cadi data
table, a random selection representing 70% of the backscatters was used the compute
the discriminant model whiÏe the remaining 30% served to predict the habitat associated
with each hackscatter. Tic PCC index was calculated for these validation data.
For each data table, variance condensation was achieved hy principal component
analysis (PCA). We used only the principal components accounting for 99% of the vari
ance (assembled iII tic COM data sets) in linear discriminant analyses
(R—Pkg::MASS::lda) ami obtained C)111 first PCC resnlts without selectiori of wave form
variables; sec Table 3.1.
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Table 3.1: Percentages of correct classification.
Variable Tables alld subtables
Methods 1ean
Set STB BEST ALL 1-4 1-7 7-10
COM 85.4 69.9 58.7 63.1 63.0 72.4 68.8
VI FWD 79.6 71.0 58.1 61.3 61.7 73.1 67.5
SEL $3.8 71.6 .58.6 62.8 63.3 76.9 69.5
COM 94.6 7$.2 65.3 67.9 67.7 77.6 75.2
VE FWD 90.8 72.9 61.0 65.7 59.0 68.7 69.7
SEL 86.2 74.7 58.5 63.5 62.4 68.7 69.0
COM 95.8 78.8 68.0 70.7 76.6 85.1 79.2
VT FWD 94.4 76.9 63.4 68.7 65.5 76.9 74.3
SEL 94.1 75.5 63.6 70.1 68.4 84.3 76.1
VI mean $2.9 70.8 58.5 62.1 62.7 74.1 68.6
VE meau 90.5 75.3 61.6 65.7 63.0 71.7 71.3
VT meai 94.8 77.1 65.0 69.9 70.2 82.1 76..5
Total nieai 89.4 71.4 61.7 66.0 65.3 76.0 72.1
Noie: Percentages of correct classifications (PCC) for the variable sets found iII the VI.
VE aiid VT data tables. were estirnated by three methocis. The ftrst analvsis (COM)
used the complete set of principal components accouilting for 99% of the variance in the
data. The second analysis (FWD) used only the original variables retaiued by forward
selection. finally, analysis SEL used $ VI, $ VE, or all of these 16 variables, depeicling
on which variable set was tested. This variable selectioii was based on the distribution
aiid frequency of the variables previously selecteci by forward selection. Aualyses were
repeated using the acoustic returiis obtained whell the ROV was stable at low altitude
(STB), the transects with the best backscatter cuality (BEST), ah backscatters in all
vertical transects (ALL). or oniy the hackscatters from altitudes of 1 to 4 iii (1-4), 4 to
7 (4-7), 7 to 10 m (7-10).
Alternative strategies were also used. Firstly, mstead of computiug a PCA for cadi
VI. VE. and VT data table. tic variables with the highest contributions were identi—
fied by forwarcl selection with permutatioli tests. A frinction to carry ont cliscriniinant
aiialvsis, tbllowiug tic algoritim cÏescribed by ter Braak ancl Smilauer, 2002. section
3.11, with forward selection of explanatory variables (ibid., section 5.8.1), was clevel
oped iII tic R laiigiiage by S. Dray (CNRS, Lyon, Frauce). Using only tus selectiori of
variables, henceforti referred to as fWD, discriminant analysis was computed again.
producing another set of percentages of correct classifications describing tic discrimi
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iatiig power of a smaller set of selected variables for cadi of the three kiids of data
tables (VI, VE, alld VI). Secondly, siiwe tie set of selected variables varied froni table
to table, ideiitical sets of variables haci to 5e ilseci in ail tables to allow coinparisons
aicl miclerstand tic role of key variables. By cioosiiig tic variables witi tic liighest
selection frecpiencies iii ail FWD selections (Appendix A, Table AhI), we created a
subset of tliree variables cailed SEL. Discriminant aia1yses were computed with it, alld
a series of explanatory discriminant aiiaiysis plots were produced. (Appendix B).
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3.4 Resuits
Depth variation has been shown in the literature to affect our capacity to detect and
differentiate sonar signatures (Hewitt et al., 2004). Without a proper depth normaliza
tion procedure. the effects of uncorrecteci altitude fluctuations are likely to overshaclow
the variation inherent in the nature of the seahed, and fatally link the sonar signatures
to altitude-related variables. To perform an accurate depth normalization, since the
rate at which the sound is absorbeci as it travels through water was estimated instead
of being precisely measured, corrective measures were taken.
To adjust the absorption rate and consecuently opthrnze our depth normalization
procedllre, we iised several plots like those presented in fig. 3.4 to visualize the effect
of the power correction by comparing original to the power-normalized backscatters,
respectiveiy drawn in Figs. 3.4a and 3.45. The thick and dark grey hues shown hi both
plots represeit strong intensities alld correspond to the flrst and second echo areas.
In Fig 3.4a, as the ROPOS gained altitude, the intensity of the backscatters weakened
from left to right in ail transects; consequeiitly, paler grays are showing in the right-hand
portion of cadi transect. In fig. 3.4h, the power normahization algorithïii removed the
fading, to a point where a homogeueous grey hackground was found, from left to rigit,
withiu and among transects. Tic darker curves look more homogeueous; tus is a visual
sign of an accurate power correction (meauing as in Hamilton, 2001). Comparison
of figs. 3.4a and 3.45 shows that the power correctiou in the clepti normalizatiou
procedure increased our capacity to visiialize specific sections of tic backscatters. (In
Fig. 3.4b, the addition of thiree overlaid white unes to the intensity profiles describing
tic flrst echo start auJ eud positiolls plus tic second echo start positions served two
purposes. First, tiey allowed us to visually assess tie success of tie echo detectiou
algorithm; secoudly, they served as visual markers siowing from winch sections of tic
hackscatters we are extracting our variables.)
Original acoustic returns profile
Power normalized acoustic returns jrofile
Figure 3.4: a) Original profiles of recorded acoustic returns. Echoes are represented
by vertical hues of pixels going from the bottom to the top of the graph and shaded
according to signal inteusity (darker is stroilger signal), for three vertical transects in
the Peri habitat. The three dark curves are areas of strong intensities and correspond
to the peaks of the first echoes. Above these three curves are three paler grey curves
corresponding to the peaks of the second echoes. The rising shape of these unes, from
left to right along each transect, is caused hy the altitude gain. When increasing the
altitude, the delay between the time when the signal is sent aiicl receiveci for the flrst
time by the sonar heati also increases. Consecpiently, the resulting sonar signal intensity
power is weaker because the longer it travels in water. the more it gets dissipated and
absorbed. b) The power-normalized acoustic returns are now uniform iII shadiïig. White
unes show the bollndaries of the flrst echoes and the second echo start positions, detected
hy the algorithm. The gray lines of the second echoes are mostly hiciden hy the white
unes drawu over them. The second echo elld positions are, in our case, the second echo
maxima. The second echo enci positions were not shown: they would have been harely
distinguishahie hecause they were too close to the second echo start positions.
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The first and second echo starting curves shoulci, in principle, be smooth if the
algorithm operates correctly. hecause the physical conditions under wliich the echoes
were acquired involved slow anci graduai ROV risc aild constant recordiilg. This is the
case for the first echoes. but the detection of the beginning of the second echoes is more
random. Inst.ead of having the second echo bouncing off the seafloor to the air/water
interface to the seaftoor and finally to the sonar head, our second echoes are reftected on
the seafloor, the lm(Ierside of the ROV, and the seaftoor agai 1. Ïwfore reachiflg the sonar
head for the second time. Refiections from a large, homogeneous air/water interface
are much snioother than refiections from the ventral surface of the ROV. which lias
an irregular shape, holes, auJ attached equipment such as canisters of various shapes.
textures and clensities. Iii addition, because the second echoes are hy nature weak, an
accurate second echo detection algorithm was difficuit to produce. More work will be
llecessary to improve this algorithm.
After extractioii of tue variables, normalizing traiisformations were apphed to ail
data tables. Table A.I shows the VE variable names and gives the selected transfor
mations and associated skewiiess values. For the VI iiiteiisit.y variables. Table AIT
gives the skewness values calculated for ail transformations applied to segments of the
altitude transects. Exhihiting the lowest skewness values, the double square root fol
loweti hy the arcsiile transformation was consisteiltly the most appropriate comhiimtion
of transformations for VI variables, except for the 7-10 subtable where the Hellinger
transformation produced a result slightly better than the arcsille transformation. A
double square root followed hy an arcsine transformation was consequently applied to
ail VI data tables (illtellsities). That transformatioll implies that only the shape iiifor
mation remains to 5e anaiyzed in the trailsformed VI data tables. silice VI variables
are ranged by dividing their values hy the maxinmm iiitensity preseiit in the original
signal.
Examinhig the VI, VE, and VT variables retaiiledl after forward selection, the follow
ing trends were ohserved (Table A.III, Appendix A). On average. ont of 59 VI, 25 VE.
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and $4 VT available variables. only 6, 7. and 9 variables, respectiveÏy, were retained I
forward selection. The frequency distnbution of the intensity variables selectecl in either
VI or VT shows that 20% are found between hiti and 1nt26, 60% are found between
1nt26 auJ Tut-90 and 20% are found ahove Int9O (the latter group was neyer selecteci
at low altitude. 1—4 in). Consequentlv inside the group of the most often selected vari
ables (code SEL), a similar ratio was kept: the $ Lit variables selecteci were “Tutu-15”,
“Int2 1-25”, “Int3l-35”, “Tut-16-50”. Irit5S-60”, IntTl-75”, “Int9l-95”, anci “Lit 181-185”;
for the VE variables retained after VE or VT forwarcl selection, the 7 variables with
the highest selectioii frequencies were ‘DRSx”, ‘Skew”, ‘NewAlt”, “Vmn.s”, ‘Histo1”,
“Vmx.sEl”, “Vmx.sE2”, “Time. RE 1”.
Table 3.1 shows differences in classification performance among the three types of
data tables. Data tables VT lead to higher percentages of correct classification than
either VI or VE. Table 3.1 allows us to answer our first question: Is the informa
tion foimcl within backscatters informative enough to allow accurate discrimination of
abyssal benthic habitats, in this particular case, five hydrothermal habitats within a
vent hehi ecosystem? Usillg only the sonar samples taken cbning the stable sectinil ol
each transect. defined b moments of low altitude where the ROV vas minirnizing its
vertical and horizontal displacements, a control test was performed. Eveïi if the overail
efficiency of our method cannot be assessed using only the percentages of correct clas
sification for STB (lata, the high PCC values (82.9, 90.5 and 94.8%) obtained in this
controllecl situation confirm that the five hvdrothermal habitats under study possess
differentiable and repeatable sonar signatures.
3.4.1 Relationship between PCC and altitude
To verify the performance of the VI, VE, and VT data tables hetween 1 and 10 ni,
we cornpared the percentages of correct classification for ah backscatters (code ALL) to
those of the transect with the best hackscatter quality (code BEST). The latter gave,
on average, 12.7% better results (Table 3.1). It appears that this subset of variables
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displayed limited habitat variatiou iii the sonar signatures auJ consequently facilitated
discriminatioi. In order to mderstaid why, oii average, ALL and BEST had such low
cliscriminatioll capacity (respectively 61.7 auJ 74.4%) compareci with the rneau of 89.4%
for the low-altitude subtahie (code STB). we compared the PCC obtained for altitude
specific subtables (1-4, 4-7. and 7-10 rn) to ideutify how the intra-habitat variation was
distributed within our transects. At altitude ranges of 1 to 4 and 4 to 7 m, oin average,
the PCC’s obtained were sirnilar, but a illcrease in PCC averaging 10.7% occurred
hetweell 4-7 aind 7-10 in.
III an attempt to illustrate why au altitucle-related variation eau be seeu even ou
depth-uormabzed data, we compareci the classification obtained through sonar signa
ture discrimination with our iiitial visual habitat classification for the VT data tables.
The resuits iII Table 3.11 provide an answer to our secoildi questiou: Does illcreasiug
footprmut size allow the acquisition of echoes that are increasiugly representative of the
spatial heterogeueity inherent to each habitat? At 1 to 4 in, 4 to 7 ni, and 7 to 10 un of
altitude, the sonar heam width was respectively 3-12,12-20, auJ 20-30 cm in diameter.
This means that the very small footprints at low altitude were more likely to detect
intra-habitat patches of differeut textures auJ densities. For example, the classification
obtained for the Peri habitat at 1 to 4 un shows that, hesides the 68.4% of the hackscat
ters that were correctly classified. rnost of the remaining acoustic retiirns were classified
as representing the Lava and Tube habitats, which are Peri main constitueuts. In the
classification resnilts obtained for the 1 to 4 m and the 4 to 7 ni data, a clear division
exists between the hackscatters helongiug to the Lava, Peri, auJ Tube habitats on the
01e haud, and the Limp and Clam habitats on the other. The 4 to 7 in data do hetter
than the 1 to 4 un data at separatiing the Limp aiid Clam backscatters. At 7 to 10 in of
altitude, most (91.8%) of the sonar signatures were correctly classified, indicatiug that
an optimal footprint size had heen reached.
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Table 3.11: Habitat assignmeuts of ail echoes hased u the VT data tables, usmg the
complete variable sets (COM).
Altitude Habitat Habitat assiglled hy soiiar Partial
railge observeci Tube Peri Lava Lirnp Clam PCC
Tube 859 22$ 30 4 2 76.5
Peri 1$4 996 166 48 63 68.4
l-4 Lava 3 127 780 2$ 48 79.1
Limp 0 $ 15 $06 250 74.7
Clam 0 42 27 220 772 72.8
Tube 373 55 14 0 3 83.8
Peri 43 271 68 4 6 69.1
4-7 Lava 2$ 61 176 2 3 65.2
Limp 0 4 1 231 5 95.9
Clami 1 9 9 13 119 78.8
Tube 113 2 0 0 0 98.3
Peri 2 103 0 1 0 97.2
7-10 Lava 3 0 71 11 0 83.5
Limp 0 2 15 89 0 84.0
Clam O O O 0 29 100.0
Note: To coustruct this table, ail available backscatters aud variables of the VT data
table were used to create the discrimhlallt model aiid for predictio;1. The total number
of backscatters iII the data tables are: 5706 for 1-4 m, 1499 for 4-7 m, and 441 for 7-10
m. Partial PCC stands for the perceiltage of hackscatters from a given habitat that
were correctly classified hy reference to our visual habitat classification.
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3.5 Technical discussion
3.5.1 The influence of altitude
Having shown (fig. 3.4) that an accurate depth normalization was applied on ail
backscatters, hecause the footprint size of the soflar beaur is directly related to the
ROV altitude by physical laws, the variable ‘NewAlt” clescrihing the ROV altitude was
used to monitor the impact of footprint size On our discrimination capacity. By looking
at the explarlatory variables selected to clescribe the data tables auJ subtables (Table
A.III), we realized that hi the 7-10 subtahies, “NewAit” was neyer selecteci among the
significant variables for VE and VT. This absence was attributed to the fact that, as tire
footprillt expands with altitude, the hackscatters signals incorporating more and more
of the habitat’s fine—grain spatial heterogeneity. Tiierefore, as long as the amount of
heterogeneity sarnpled is not sufficiently representative of a sampled habitat texture and
density, the nature of the information in the hackscatter is likely to change with altitude.
Thus, as long as the sonar lias sampled ail area representative of the habitat general
texture and density, whatever the variation in altitude, the resuiting sonar signature
variation rio longer relates to altitude, producing better discrimination among habitat
types.
3.5.2 The nature of the five habitat type signatures
Our third and last ciuestion was: Can we find specific sets of variables that corild
be used to correctly identifr the nature of the habitat surveyed, based 011 sonar signa
tures? We used the set of selected variables (SEL) to compute discriminant functions
among habitat types and procluced six graphical representations of the resulting habitat
cluster pro jections on the first auJ second discriminant axes (Appendix B). From these
analyses, the centroids of tire habitat clusters were correlated with tire environmental
variables. The correlations were noted in Table 3.111 as either positive “+“, negative
or nuli “0”.
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The VE and VI resuits presented in Table 3.111 were written to two data files, each
with 5 rows (habitat types) auJ 24 columns (the rows of Table 3.111), ancl analyzed hy
K-means partitioning. For VE auJ VI as well, the resuits indicated the presence of
two major groups of habitats differentiated by the variables clerived from the hackscat
ters: Clam auJ Limp formed the flrst group, Lava, Peri auJ Tube formed the second.
$kewlless of the flrst echo (variable “Skew”), as well as intensity variables “Int3l-35”,
“1nt46-50”, auJ “Iut7l-75”, were gooci indicators of this partition.
Clam and Limp habitats
Habitat CÏaui had the most highly auJ positively skewed flrst echo, fOlk)WeJ by
Limp. The risc section of the flrst echo was short alld correlated with strong intensi
tics whereas the set section had mostly low iuteusities. Clam’s sonar signatures were
also negatively correlated to the rnaxinmm value of the smoothecl flrst echo (variable
“VuucsEl”), which indicates the presence of a siriooth and soft type of surface (Bax
et al., 1999). The positive correlations of the Claiïi ceutroid with the minimum value be
tween the two echoes (variable “Vrnn.s”) indicates that after the flrst echo, the ambient
noise remai1iug in the signal was higher than for other habitats.
The less strougly skewed signatures of the Limp habitat showed a small aniount
of low-class intensities (variable ‘Histo1”), very strong negative correlations with the
minimum value hetween the two echoes (variable ‘Vmu.s”), auJ good positive corre
latious with the maximum value of the smoothecï second echo (variable “Vmx.sE2”).
These correlatious support the idea that the Limp habitat contaiued higli Jensities of
gastropod shells. which produced a very reflective, hard and sinootli surface allowing for
low energy penetration. The sonar wave Jissipated well, which produced low intensity
values between the two echoes (variable “Vmn.s”). An interesting fact about Limp is
the differentiation between the risc ancl set sections of the flrst echo. As soon as the
positively correlated risc section passed the ‘Int11-15” intensity variable, negative cor
relations appeared from that point uutil the eud of the set section (variable ‘Int91-95”).
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Tube, Peri ami Lava habitats
In the gnY11p with the most negatively skewed flrst echoes, the Tube habitat was
the most extreme, followed h Peri sonar signatures. In both case, the echo shapes
were the opposite of Clam aiid Limp. Their int.eusity variable correlatiolls clescribecÏ a
slow lise section, foflowed h lugher int.ensities in the set section. ‘vVhile Peri signature
presdnte(l positive iorrelations in tbe set section of the hrst ecbo nntil variable 1nt56—
60”, the Tube correlations were positive until “Int9l-95”; they were more stable in the
sense that they were found more often in the entire 1 to 10 ni altitude range. This
suggest that, as the cleusity of tubeworrns increased, the first echo became longer siuce
tue positive correlatious with intensity variables went further to the right in the set
section. Beside the fact that the Tube’s first echo intensities could be described by low
intensities. they were shaped hy numerous peaks auJ troughs. The positive correlations
witli variable “Histol” ancl negative correlations with “Vmx.sE2” indicate 1mw weak the
sonar signal became after multiple reffections around the mieven ancl smooth tuhular
structures of the tubeworms.
Lava represented an intermediate case hetween the Tube auJ Clam extremes. In
terms of correlations, Peri sonar signatures were intermediates hetween the Lava and
Tube signatures. Obviously affected by the presence of the relatively rollgh and hard
lava surface withiu its habitat, most of the strong correlations seen in Tube, such as
with “Skew”, “DRSx”, “Histol”, or in Lava with “Vmx.sEl”, were weaker in the Peri
habitat. The Lava sonar signatures correlated with n quick risc auJ a set section
that showed positive correlations reaching up to “Int7l-75”. It was also the habitat
associated with tl]e strougest smoothed maximum in the flrst ecbo. The high—iutensity
set section of Lava might relate to the fact that most Lava reflections were inftuenced
by the uuevenness of the broken lava sheets.
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3.6 Conclusion
Beside surface roughness ancl harclness. mauv factors such as sonar signal frecuency,
pmg length and beam wiclth (footprint) can affect echo shapes. Que of the major issues
in hackscatter analysis is the use of correct depth normalization procedures (Hamilton,
2001). ‘fo properly stut y the reflective nature of each habitat, we must ensure that uiost
of the altitucle-related variation is removed prior to analysis. The visual representation
of that correction. such as in our Fig. 3.4. is quite important because it allows an
assessment of the proceclure used.
Under tlie assumption of an accurate depth normalization procedure, tue presence of
the NewAlt” variable amollg the variables retained hy forward selection would indicate
the influence of footprint size variation. ‘NewAlt” was not selected to describe any of the
7 to 10 ni data tables (Table A.III, Appendix A). That, and the stronger discrimination
shown hy tue 7-10 m tables compared to the other depths (Table 3.11), lcd us to conclucle
that footprint size can drasticallv affect our capacitv to investigate and ultimately detect
habitat types.
Prior to any sonar survey. it. is essential to make sure that the sona.r setthigs are
optimal. We used vertical transects over identifiable habitat types to verify the sonar’s
ability t() ciiflereutiate the five habitats imder investigation. This exercise priiiitted
the identification of key variables derived from backscatters and allowed us to identify
an optimal footprint size to achieve sampliug at scales that are representative of the
general habitat textures and densities. Haviiug optimized the sonar acquisition settings
and depth normalization procedure. to bring eveii more robustiuess to sonar surveys.
new sonar techuology will need to he developed to allow the footprint size to remain
constant during seafloor classification surveys (Legendre et al., 2002). Even when that
technology becomes available, we will still be a long way from developing datahases of
sonar signature clefinitions describing diverse habitat types founci over the whole benthic
ecosystems. To construct such a database would require each habitat to be descrihed
using a constant set of variables based on various and specific sets of frequencies. foot-
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prmt sizes, and pulse lengths. Before sud standardization can he initiated, more work
will be requirecl to ideiitify the best frecuency combinations and sets of explanatory
variables.
In this paper, we have showu that abyssal habitat identification is possible through
the use of sonar signatllres based on only one frequency, using a small anci changing
footprint, and using a remotely operated vehicle operating (ROV) at 2200 m Jeep.
This provides some optimism for futire sonar mapping developments. Multi-scale high
resolution seafloor sonar surveys may prove very useful for habitat niapping, resource
evaluation and ecosystem management purposes.
Before sonar-based systems eau be used as routinely for broad-scale surveys of habi
tats, many issues remain to he addressecl both in terms of the sonar signal frequencies
to be used auJ the establishment of key variable sets. Bax et al.. 1999 wrote: “...it is
clear that the full power of acoustic habitat discrimination has not yet been realized
there is far more information in the returmiiig echoes auJ the pattern of echoes than is
currently being interpreted.”
Sonar remote sensing surveys reqiire both a set of sonar signatures anci some ground
truthing, the latter through either visual investigation or physical sampling, hoth of
which are highly time consmïnllg. The need for ground truthing could be reduced
through the development of a database on the hehavior of sonar signatures in varions
types of suhstrata and habitats through a series of criteria spreading over ranges of
specific frequencies and sampling unit sizes (grain size). The development of snch a
database would reqilire cooperation hetween researchers auJ the comparues providing
benthic remote sensing services. In order to encourage free auJ open coinuiunication
and clebate, we provide tire definitions of our variables in Appendix A for scrutiny anci
use by the scientific auJ technology communities.
The sonar variables Jeveloped in this study auJ the methoci for extracting and
transforming them are fulÏy descrihed in this paper ami are available in tire public
domalu.
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3.6.1 Technical implications for other domains
Classical remote seilsing methods are extellsively useci to procluce hathymetric maps
descrihing the cleiïiersal relief fouird in any type of water bocly. In these surveys, vari
ables describing the echo time of arrivai, like “NewAit”, are used to compute altitude.
which is, when adcled to the sonar depth, the information illustrated in hathymetric
maps. With variables sucli as tire echo general power intensity, e.g. “Vmx.sEl”, texture
and density layers cari be overlaid over bathymetric maps for substrate type identifica
tion. Extending tire domain of application further, the method presented in this paper
can 5e used as a guide for those who either wish to extract more information out of
remote sonar surveys, find other usefril variables to extract, or use new sonar frequen
cies. The science behind understanding sonar signatures is yormg, but it lias potentiai
applications in fine to broad-scale ecologicai surveys serving monitoring, management.
and exploration purposes. Fisli school identification capabulities could 5e improved by
using some of the sonar variables descrihed hi this paper. Beyond the reaim of aquatic
sciences, sonar signatures cari 5e used in mairy terrestrial applications. Mobile robots.
which are already extensively using ultrasounds, have external sensors; a flue analysis
of the sound returns in detection algorithm world give robots another mean to identify
tire nature of tire objects they encounter.
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4.1 Résumé
Étudier la nature des grands fonds marins sur de vastes étendues a toujours été une
tâche fastidieuse même en utilisant mi sous-marin nmm de lanipes puissantes et de ca
méras. L’acquisition de données visuelles détaillées est limitée à de petites superficies à
cause du niauic-flie (te visibilité. Grâce à la télédétection soiioïe. l’étuc-Ïe spatioteniporeflt
des milieux benthiciues profonds est dorénavant à la portée des écologistes. Nous avons
élaboré une méthode d’analyse permettant de classifier les ondes sonores et de relier les
groupes ainsi formés à des types d’habitats. Nous décrirons en détail certains aspects
de la méthode d’abord comment identifier les variables les plus représeutatives des
signaux sonores, puis déterminer l’influence de différentes variables du substrat marin
sur les signaux sonores enregistrés.
MOTS-CLÉS AnaÏyse dzscrzmmncLnte cfJnoniqne: écho sonore: habitat :rad’iaie
Juan de fuca: sonar; source hydrotherm aie; submersibte téléguidé: télédétection.
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4.2 Introduction
Depuis longtemps, l’homme tente de comprendre la nature des oncles sonores. Comme
le font plusieurs autres espèces animales, nous utilisons le son afin de communicluer entre
nous. Chez certains mammifères, le soi; sert aussi à des fins de navigation et même à
l’identification (Ï’Ob jets éloignés. Le fond des abysses oCéaniques, composé (le roc et
de sédiments, baigne clans un milieu qui absorbe fortement la lumière. On y trouve
des communautés animales et bactériennes cmi vivent dans l’obscurité. L’aptitude des
chauves-souris et des dauphins à détecter des objets à distance grâce à des échos sonores
nous montre cpie les diverses textures et densités propres aux aires échantillonnées af
fectent d’une façon significative la nature des échos sonores qui peuvent être enregistrés
par nos appareils. Par l’analyse de variables décrivant la forme et l’intensité de ces si
gnaux, nous chercherons à identifier à distance les habitats d’un champ hyclrotherrnal et.
éventuellement, à cartographier les habitats du milieu benthictue sur de grai;des surfaces.
Il n’existe pas de méthode standard pour l’extraction, la transformation et le trai
tement des variables tirées de signaux sonores. Cela n’est pas surprenant. D’une part.
les méthodes d’interprétation d’ondes sonores ne sont encore qu’en phase exploratoire
ou sont gardées secrètes par des compagnies privées. D’antre part, de inombreux types
d’habitats marins n’ont pas encore été étudiés et de nombreuses fréciuences et tailles
d’empreintes sonores n’ont pas encore été utilisées. Il serait donc difficile détablir des
standards pour une méthodologie aussi .jeune. Le présent article constitue une intro
cluction à l’approche analytique de ce nouveau champ d’étuides. Il décrit la methode
d’analyse des échos sonores que nous avons développée et utilisée dans nos travaux.
Au cours de nos travaux récents (Duirand et al., 2002, 2005) basés sur ceux de Clarke
et Hamilton (Clarke and Hamilton, 1999). nous avons [1] testé diverses méthodes de
transformation des données; [21 démontré visuellement l’importance de normaliser les
données sonores en fonction de leur altitude d’acquisition (distance au fond marin) ; [3]
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démontré ciiie la variation de la taille des empreintes sonores influe sur les capacités
discriminantes des oncles sonores; et [4] créé un jeu de variables permettant la cliscri
mination efficace des signatures sonores acquises dails les habitats doiiiinanfs qui se
retrouvent à l’intérieur de notre site d’étude.
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4.3 Méthodes
4.3.1 Acquisition des données
Les données analysées dans cet article ont été récoltées par le ROPOS, un sous-
marin canadien télécommandé depuis un navire de la garde côtière canadienne, le John
P. Tully. Au cours de la mission High Risc en mai 2001, rions avons étudié le champ
de sources hydrothermales Clambed situé par 2200 m de fond sur la radiale Juan de
Fuca. à quelque 200 miles marins à l’ouest de l’île de Vancouver dans le Pacifique.
Les caméras du ROPOS ont filmé les habitats de ce champ hydrothermal en même
temps que nous récoltions des signaux sonores à Faide dun sonar Imagenex $81B. Le
plan d’échantillonnage comportait 1$ transects verticaux (1 à 10 m d’altitude) visant
les cinq conimunautés principales ainsi que 12 transects horizontaux (1 à 5 iïi dalti—
tude) couvrant les principaux gradients naturels de ces milieux profonds. La fréquence
d’échantillonnage moyenne était de trois signaux sonores par seconde.
4.3.2 Traitement des données et extraction des variables
Puisque les ondes sonores sont affectées par des phénomènes aléatoires comme le
bruit ambiant, l’instabilité des capteurs du ROPOS et du sonar. ainsi que par la va
riabilité naturelle des signaux, le calcul de la moyenne de plusieurs échos successifs
augmente la stabilité du signal sonore (Hamilton et al., 1999) et permet aussi l’obten
tion de données représentant un intervalle temporel choisit par le chercheur. Après avoir
calculé la moyenne des signaux, on extrait une première variable, Faltitude. car c’est à
partir de cette variable que nous effectuerons tous les filtrages initiaux, corrections et
normalisation pour la profondeur. Puisqu’il n’existe aucune méthode standard d’extrac
tion de la variable altitude, nous avons créé notre propre algorithme. Ainsi, à l’intérieur
d’un écho sonore, nous avons utilisé comme marciueur temporel servant à l’estimation
de l’altitude d’acquisition le point correspoildant à 80 % de la valeur d’intensité maxi
inum de l’oncle sonore temporairement lissée.
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Afin de permettre la comparaison des informations extraites de différents signanx
sonores. mie normalisation cii fonction de l’altitnde est nécessaire. En fait, lorsqn’une
onde sonore se déplace dans l’ean, son intensité diminue, car non seulement l’onde s’étire
de façon sphérique, mais l’eau servant de support absorbe anssi nne partie de l’énergie
de l’onde. Dans la plnpart des cas, le tanx d’absorption exacte an site d’échantillonnage
n’est pas conun. Il est douc nécessaire d’eu ajuster la valeur. Dans ce dessein, nons
avons dessiné tons les signanx sonores côte à côte et attribné des niveanx de gris anx
valeurs d’intensité qui les composent, puis nons avons comparé visnellement les signaux
sonores normalisés acqnis à des altitudes différentes. Nons avons modifié les valenrs de
tanx d’absorption jusqu’à ce que les niveaux de gris attribués aux signaux obtenus à
différentes altitudes soient uniformes. Nons avons alors considéré qne nous avions ajusté
les tanx d’absorption sonore.
Pour qu’un échantillon sonore soit valide et utilisé dans nos analyses, le deuxièuie
écho dcit être enregistré eu entier. Cette filtration initiale garantie que toutes les va
riables, servant à décrire le prenuer et le deuxième écho, ne seront pas biaisées par
des échos incomplets. Puisqu’aucun standard industriel n’iuclique quelles variables per
mettent une description optimale d’un signal sonore, nous avons dans un premuer temips
basé uotre choix sur des variables facilement interprétables et, dans nu deuxième temps.
tenté de conserver les variables les plus différentes les unes des autres. Deux jeux de
variables ont été utilisés et testés. Le premier décrit priucipalemeut la forme du preuuer
et du deuxième écho par l’entremise de variables extraites (VE) telles que les coefficients
d’aplatissement et d’asymétrie, la dlistauce entre les ceutroïdes de diverses sections dIe
l’écho, l’aire sous la courbe, etc. Le deuxième jeu de données (variables d’intensité, VI)
utilise la série temporelle d’iutensités centrées réduites du premier écho créée lors de la
numérisatiou du signal sonore.
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Pour chacune des 28 variables extraites (VE), nous avons sélectionné, parmi 4 trans
formations possibles, celle qui produisait les distributions les moins asymétriques. La
transformation retenue (lifterait dune variable à l’autre. Pour l’ensemble des 92 variables
d’intensité (VI), une seule transformation a été retenue parmi li transformations testées
(Durand et al., 2005) pour transformer les variables k1 en
= k°25 / max (k )
kf = arcsinus(p°5)
(k°25) représente la racine quatriènie (les valeurs dune variable (l’intensité (kg)
décrivant un écho, suivie dune transformation en proportion (pj) par rapport à l’inten
sité maximale dn signal max(k°25f puis (le la transformation arcsinus(p°5) (Sokal and
Rohlf, 1995). Puisque nous avons divisé l’intensité des signaux sonores par lenr valeur
maximale. cette transformation ne conserve ciue la forme des échos comme source (-le
variation.
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4.4 Analyses et résultats
4.4.1 Transects verticaux
Afin d’évaluer le pouvoir de discrimination des variables formant les deux jeux de
données (VI et VE), nous avons utilisé les enregistrements vidéo pour attribuer à cha
cun des signaux sonores un nom d’habitat parmi les cinci habitats dominants observés
au site hydrothermal Clambed. Nous avons supprimé toutes les variables sonores ayant
mie variance intragroupe nulle ou une trop faible variance.
L’analyse des jeux (le variables VI, VE, ainsi que l’union de ces cieux groupes, fut
réalisée de la façon suivante. 70 ¾ des échantillons sonores (5352 signaux). tirés au
hasard dans (haque habitat, furent utilisés pour constriure un modèle predictif à l’aide
d’analyses discriminantes linéaires. Le pouvoir discriminant de chaciue modèle ftt éva
lué en ternies de pourcentage de classification correcte des données restantes. soit 30 ¾
ou 2293 signaux. En comparant les pourcentages de classification correcte obtenus pour
les trois jeux de (iOlutees. nous avons noté que l’utilisation coujomte des deux jeux de
données dans la même analyse (VI et VE) pouvait, améliorer les prédictioiis de 10 ¾.
Puis, utilisant seulement ce jeu de variables, les signaux sonores furent séparés en fonc
tion de leur altitude d’acquisition afin d’évaluer les effets qu’ont les variations de la
taille de l’empreinte sonore sur la capacité de discrimination. A l’aide des 5706. 1199
et 441 échantillons retrouvés respectivement entre 1 et 4, 4 et 7, et Z et 10 mètres. Les
pourcentages de classification correcte obtenus étaient faibles pour les basses altitudes
(70.4 et 68.4 ¾) et plus élevés pour les signaux obtenus au-delà de 7 mètres (84 ¾.
Fig. 4.1). Cette grande différence supporte l’hypothèse que les variations de la taille de
l’empreinte peuveut gran(lenlent influencer les résultats d’un survol sonore.
Afin de faciliter l’interprétation des résultats, après sélection ascendante pas à pas
parmi les 12t) variables dont 110115 disposiolls 1111 départ.. iioiis avons retenu 16 variables
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FIG. 4.1
— 30 % des échos échantillonnés à une altitude de 7 à 10 mètres projetés sur
les cieux premiers axes ci’un modèle discriminant prédictif. Les variables VE dont les
contributions aux axes (corrélations) sont illustrées en médaillon induisent la séparation
des 5 habitats. L’espace discriminant est divisé en carrés de taille unité.
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contribuant significativement la discrimination. Malgré cette stricte sélection, les nou
veaux pourcentages de classification correcte obtenus n’affichaient en moyenne quune
baisse de 3 %. L’analyse plus approfondie des variables sélectionnées iious n permis noii
seulement d’identifier les caractéristiques propres à chactue signature sonore, mais aussi
d’interpréter les signatures sonores en termes de texture et de densité.
4.4.2 Transects horizrnitaux
Après avoir démontré les capacités discriminantes des oncles sonores, il nous restait
à montrer la capacité réelle des données sonores pour l’identification correcte des cliffé
reiits types d’habitats lors de survols horizontaux du champ de sources hydrothermaies.
Puisque nous avions le projet d’identifier visuellement les signatures sonores enregis
trées en vue de l’analyse canonique de redondance (ACR), les transects furent survolés
à une altitude variant d’un à cinq mètres; une altitude plus élevée n’aurait pas permis
cl’ideutffier les habitats avec suffisamment de précision sur les enregistrements vidéo.
A cette distance, le cône sonore sur le fond marin formait mie empreinte variant de
trois à quinze centimètres de diamètre. Au cours des 12 transects parcourant le site
d’étude, nous avons enregistré en simultanéité 13676 signaux sonores et 90 minutes de
survol vidéo. Dans un premier temps, nous avons calculé la moyenne des échos regrou
pés par intervalles d’une seconde et avons réalisé nue description visuelle de la nature
de l’aire de l’empreinte sonore. seconde par seconde. Une fois les données transformées
et normalisées pour la profondeur et les variables sonores extraites. nons avons tenté de
découvrir à quelles caractéristiques visuelles les dlifférentes variables sonores semblaient
être les plus seilsibles. Par sélection asceiidante pas à pas, un sous—groupe de variables
visuelles fut extrait, puis utilisé dans une analyse de redondance qui a permis d’iden
tifier à quels éléments du paysage sons-marin correspondaient les différentes variables
sonores. Parce que les données sonores contiennent beaucoup de bruit. le coefficient.
de redondance bimultivariable de l’ACR est faible (R2 = 10.1 %). II reste très haute
ment significatif (P = 0.001 après 1000 permutations). Les relations entre les variables
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visuelles et sonores illustrées à la figure 4.2 sont en accord avec les relations habitats-
variables sonores trouvées lors de l’analyse des transects d’altitude (Durancl et al., 2005).
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FIG. 4.2 — Projection des 21 variables sonores (variables VI t ios 1-13; variables VE
nos 14-21) et des 24 variables visuelles binaires (a à x) dans l’espace (a) des axes
canoniques 1-2 et (b) des axes 3-4. Les cinci groupes (G1-G5) résultant de la partition
par la méthode des K centroïdes sont r(-l)resentés dans les graphiques par des ellipses
de recouvrement à 95 %. à Fintérieur de chaque graphique, la zone centrale surchargée
a été agrandie.
Nous avons ensuite partitionné les échos en 5 groupes de signaux sonores par la
méthode des K centroïdes (K-’rneans) (IVlacQueen, 1967) et retenu la solution présentant
la plus faible variation intragroupe après 1000 démarrages aléatoires. Chaque groupe
est représenté dans la figure 4.2 par une ellipse de recouvrement à 95 ¾. Nous pouvons
déterminer le type dhabitat représenté par chaque groupe (Gi à G5) en associant la
position des ellipses aux variables visuelles (a à x) dans la figure. Cette étape était
nécessaire pour nous permettre de cartographier les habitats détectés. Nos données de
navigation contiennent cependant beaucoup d’erreur. Nous cherchons en ce moment
à corriger ces données afin de pouvoir représenter sur une carte les différents groupes
sonores que nous avons obtenus de la partition.
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4.5 Discussion et conclusion
En nous basant sur les résultats obtenus au cours de cette étude exploratoire, nous
croyons ciue l’utilisation du sonar à des fins de cartographie et de télédétection repré
sente une avancée majeure pour l’étude des habitats bentiuques. à ce jour, le pins grave
probleuie rt1ie ? cette technologie est que les ondes enregistrées daiis un meme habi
tat sont très variables. De nombreuses combinaisons de variables à extraire des ondes
sonores sont possibles; elles n’ont pas encore été toutes créées ou testées. Afin de stau
clardiser la méthode, nous devons chercher à identifier les combinaisons décrivant le
plus a(léqllatelfleflt les divers échos sofloUeS en vue de la cartograplue (les fonds ma—
nus. Parce que les basses fréquences pénètrent davantage le substrat, l’utilisation de
plusieurs fréquences pourrait faire varier les signatures sonores provenant d’un même
habitat et enrichir nos jeux de variables. Malgré l’augmentation du temps de calcul qui
en résultera, l’utilisation conjointe de différentes fréquences sonores devrait permettre
l’identification plus efficace des habitats benthiques, comme cest le cas pour les diffé
rentes longueurs cFonde utilisées en télédétection terrestre.
Une des giandes sources de variance entre les échos est la variation de la taille de
l’empreinte sonore ROT le fond marin. Ces chaiigements de taille de l’umité d’échan
tillonnage peuvent réduire grandement la capacité discriminante d’un jeu de données.
Il est impératif que tout survol sonore respecte cette source de variation et tente de la
minimiser. Ce ne sera qu’nne fois cette méthode de télédétection bien établie et stanciar
disee, (1I( flOuS p()Jlrrons construire une banque de signatures sonores pouivant servir à
l’identification des types d’habitats. Cela minimiserait les coûts associés à la validation
visuelle des données sonores enregistrées au cours dune mission.
CHAPITRE 5
CONCLUSION
«Vagabonder à la surface des océans est souvent
source de sérénité et. parfois, peraiet de tutoyer ses rêves.
S’y immerger, c ‘est s ‘ouvrir à son observation et à sa compréhension.»
Nicolas Hulot
Comme nous l’ont montré les dauphins et les chauves-souris, l’utilisation coordonnée
du son et rie l’ouïe peut permettre d’identifier la nature des objets qui nous entourent.
La physiologie hnmaine ne permet pas un tel exploit. En développant le sonar, l’Homme
a appris à émettre, recevoir et enregistrer des ondes sonores de hautes frécinences inau
clibles à son oreille. Il s’agit d’une extension tout à fait synthétique de l’oreille humaine.
L’analyse de ces signaux à l’aide d’ordinateurs nous permet de catégoriser les variations
détectées afin de mieux différencier et reconnaître les objets rencontrés.
L’aspect exploratoire des trois articles présentés dans ce mémoire est dû au fait
que l’utilisation du son à des fins de télédétection est une méthode encore nouvelle et
d’une grande complexité. Plusieurs facteurs influencent l’information retrouvée clans les
échos sonores. Premièrement, au moment (le la réflexion sonore, les variables de forme et
d’intensité d’un écho sont influencées par plusieurs facteurs tels que la texture. la densité
et le relief de la surface échantillonnée. Deuxièmement, malgré l’excellente propagation
du son dans l’eau. l’énergie d’un signal sonore est absorbée en fonction de la distance
parcourue et dissipée clans l’eau. Finalement, an moment même rie l’émission d’une
onde sonore, de nombreux autres facteurs s’ajoutent à l’équation, tels que la fréquence
d’émission, la longueur de pulsation ainsi que l’angle d’ouverture du faisceau sonore.
74
Un des facteurs qui influence le plus Fintensité et la forme des échos enregistrés est
l’altitude d’acquisition. Or, afin doptimiser la détection des textures et des densités
propres aux sites écllalltilollhlés, les échos doivent êtres nornialisés pour la profondeur
ou Faltitude dacciuisition. Cette normalisation est constituée de corrections en puis-
sauce et d’une correction temporelle. La correction de puissance corrige les échos pour
l’absorption et la dissipation sonore, alors ciue la correction temporelle étire ou com
presse les échos en fonction de la taille (le l’empreinte sonore. Cette étape associée au
traitement d’échos soiiores est capitale. À l’intérieur de ce mémoire. à la figure 3.4.
nous avons présenté nue méthode graphique qui. par la visualisation des corrections
de puissances. offre la possibilité chajuster et chobtenir une normalisation optimale des
signaux sonores.
Parmi tous les facteurs qui influencent la nature des échos sonores, l’effet de l’ab
sorption et de la dissipation sonore peut être rectifié, mais celui des variations de la
taille des empreintes sonores reste inaltérable. Puisqu’un faisceau sonore émit par un
sonar est de forme conique et ciue sont ouverture est constante, la taille de l’empreinte
est proportioiinelle à la (hstaiice cpu separe l’émetteur de la surface ciblee. Lorsque de
grandes fluctuations daltitude sont observées, les échos sonores échantillonnés repré
sentent des échelles spatiales (taille de l’unité d’échantillonnage) différentes, ce cfui rend
la comparaison entre les échos impossible. Pour résoudre ce problème. il y a deux so
lutions. La première consisterait à utiliser min sonar ayant la capacité de conserver une
taille constante d’empreinte sonore. mais ce dernier n’existe pas. La deuxième est sim
plement deffectner les survols à altitude constante. ce qui peut savérer problématique
dépenclamment des outils disponibles. Cependant, dans ce mémoire, nous avons plutôt
tenté de tirer avantage de la couicité du faisceau sonore. À l’aide de transects verticaux
que nons avons segmentés en trois classes d’altitude, soit les classes de 1-4, 4-7 et 7-
10 ru d’altitude, nous avons d’évalué l’influence de la taille de l’empreinte sonore. Pour
chacune de ces classes, le diamètre de l’empreinte varie respectivement cuti-e 3-12, 12-20
et 20-30 cm. A la suite de ce fractionnement, un fait très intéressant a été observé avec
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l’utilisation d’empreintes sonores pins larges, nous avons obtenu une augmentation de
la capacité discriminante des signaiLx sonores. Ce phénomène souligne que l’utilisation
d’empreintes sonores Capturant 1111 éChal1tillon représentatif (les variations de texture et
de densité inhérentes à chaque habitat est une bonne façon d’optimiser les capacités dis
criminantes des survols sonores subséquents. Ainsi, grâce à de simples études préalables
qui ne reciuièrent ciue ciuelcpies transects verticaux décrivant chacun des types d’habi
tats ciblés, il est possible d’optinnser rapidement des survols horizontaux qui seront
effectués ultérieurement.
Au-delà des problèmes techniques associés à cette méthode, son utilisation comme
moyen de télédétection représente d’ores et déjà une percée nia jeure pour l’étude des
habitats benthiciues. Lorsqu’on la compare aux méthodes vidéo, la méthode de télédé
tection sonore semble plus apte à décrire spatiotemporellement un site. Dans un premier
temps, cette méthode permet non seulement l’acquisition de données bathymétriques.
mais aussi et surtout l’acciuisition d’information relative aux textures et aux densités
ciui sont propres aux habitats et substrats survolés. Deuxièmement, à l’aide de cette nié
tilof le, l’analyse (les données sonores se fait automatiquement, le traitemeiit des données
est beaucoup plus rapide et les erreurs d’interprétation causées par l’évaluation visuelle
arbitraire des enregistrements vidéo sont éliminées. Troisièmement, en pleine obscurité
2000 mètres sous la surface de la mer, nous avons constaté que la méthode vidéo né
cessite une bonne visibilité ; elle requiert donc une grande proxiiiïité avec le slil)strat
échantillonné. Contrairement à cette méthode, l’acquisition de données sonores peut
être effectuée en pleine noirceur et donc à plus grande distance du fond. Cette aptitude
minimise de beaucoup les coûts d’exploration, car loin des reliefs escarpés associés aux
dorsales inédio-océaniques, les risques d’accident et les manoeuvres de contournement
sont diminués. IvIalgré sont jeune âge, cette méthode tant par sont efficacité que pour
sont potentielle ne derriamie qu’a être approfondie.
Lorsque les informations sonores sont intégrées à l’intérieur d’un système d’infor
mation géographique ($1G), la description spatiale des propriétés du substrat peut être
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conjuguée à une bathymétrie extraite de ces mêmes signaux sonores. Si les données
sont géoréférencées. Fassociation des informations topographiques aux informatiolls de
densité et de texture ameliore notre capacite de reponde aux questions (l’ordre eccd( —
gique. Ce mémoire a réalisé un pas claris cette direction en montrant quà partir d’une
seule fréquence sonore. il est possible cl’ideirtifier des habitats abssaux. Considérant le
fait que la pénétration et la sensibilité des signaux sonores varient en fonction des fré
quences utilisées. il semble probable qu’une description plus exhaustive de la nature et
de la composition des substrats échantillonnés soit possible par l’utilisation simultanée
de différeiltes fréquences sonores.
Lorsque la sensibilité des ondes sonores aura été pleinement démontrée, l’essor de
la méthode de télédétection sonore sera directement relié à l’indépendance ciu’elle aura
acquise (-les controles vidéo qui servent à l’identification des signatures sonores. Nous
espérons donc que, dans un futur rapproché, les chercheurs réaliseront des études coiu
paratives portant sur différentes fréquences sonores ainsi que divers jeux de variables
dérivées des signaux sonores. Ces études pourront servir de bases à l’élaboration dune
banque (le signatures soiiores 011 d’tiiie charte (lide11tififatio1i (les échos sonores. De tels
jeux de données permettront riltimement l’étude spatiotemporelle du plus mécoiilu et
du plus vaste écosystème de notre planète, celui des grands fonds océaniques.
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APPENDICE A
THE DEFINITIONS 0F THE VE VARIABLES ALONG
WITH THEIR TRANSFORMATION DETAILS, THE
TRANSFORMATION TRIALS FOR THE VI DATA SETS,
AND THE VARIABLES RETAINED BY FORWARD
SELECTION ARE SHOWN.
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Note 111e presented values are the means of ail skewness values computeci 011
ail VI data tables after different sequences of transformations. The lowest (best)
skewness vaille for each data subset is in hold. Illogical transformations were not
calcuiated ( —). In the first set of transformation, eitiler 110 transformation (None)
was appiied, or the effect of high intensity outiiers on the distribution was redu
ced tlirongh a square root (Sqrt), double scluare root (Double Sqrt), log (Log), or
modified arsine transforInation (Mod.Arcsine). This moclifleci form useci the table
maximum as the deiiommator 111 the caiculation of proportions, prior to computing
the square root and then the arcsine, instead of the object’s maximum 111 the or
dinary arcsine transformation (Sokal a.nd Rohif. 1995). With this modification. ah
these transformations conserved both the strength anci shape illfornlatioll found in
backscatters. 111 a second step, on ail the newiy transformed tables, we performed
either no transformation (None), ail ordmary arcsine transformation (Arcsine arc
5ll((Y/YflwT)05), (Sokai and Rohif, 1995), or a Heihnger transformation (Heihinger
(Legemldre anci Galiagher, 2001)). 111e last two removed the overaii hltensity of the
signal amld preserved only the shape information of the hackscatters. STB. BEST,
1-1, 1-7, anci Z-10 are subtabies of ALL which refers to the complete data set. The
STB subtahie contailled oidy the echoes acquired whuie the visihiiitv was optimal
anci the remotely operated vehicle was in a stable positioli. hovering at iow altitude
over the selected habitat. The BEST subtahie contained only the hest transect for
cadi habitat type. The 1-1, 4-7, and Z-10 suhtabies contained echoes acquired at
clifferent altitude ranges, respectively 1 to 4, 4 to 7, and Z to 10 ni.
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xix
Note : The STB, BEST, 1-4, 4-7, auJ 7-10 subtables are Jescribed iii the uotes
of Table AIT. Based ou their appearailce freqiieucies, the VE variables “DRSx”,
“Histol”, ‘Skew”, tirne.RE1”, “Viim.s”, ‘Vmx.sE1”, “Vnix.sE2”, “Newait” were se
lected to be iiucluclecl iII the SEL variable set. For the VI set, the Jistrihutiou of the
variables selecteci by forward selection showed that 20% of the variables were des
cribillg the rise area of the first echo, arici 60% for the set area. Collsequelltly. based
on these ratios auJ 011 the variable appearauce frequeiucies. “luth-15”, “Int2l-25”,
“Iut3l-35”, “1ut46-50”, 1ut56-60”, “Iutfl-75”, “1ui491-95”, auJ “Intl$1-185” were also
selected to be part of set SEL.
APPENDICE B
HABITAT CLUSTERS, OBTAINED FROM DIFFERENT
ALTITUDE RANGES USING THE SEL VARIABLE
SUBSET, AND PROJECTED ON THE FIRST AND
SECOND DISCRIMINANT AXES.
xxi
Plots of habitat cluster projections on the first and secolld discriminant axes. The
SEL subset of variables was used to co;istrnct the six figures presenteci hi this Appenclix.
The first three figures are based on the VI data tables ami die t{-)1l()Willg three en the
VE data tables. VT graphics are not shown silice the nature of their variable sets makes
it harder to miravel the links and relationsïnps between the variables and the centroids
of the habitat clusters created by discrimination analysis (R-Pkg : :ade4 :Discrimill).
In each figure, 4 panels (a te (J) and one table (e) are shown. In panels (a) te (d).
discriminant axis 1 is the abscissa and axis 2 is the ordinate. Panel (a) shows the
canonical weights of the variables; panel (h) shows the variables at angles representing
their correlations relative te the flrst two discriminant axes; in panel (c), the eigenvahtes
of 4 discriminant axes are given. Panel (d) shows the backscatter clusters based on
their video-assigned habitat types; for each habitat chister, the nametag is located
at the cluster centroid. In panel (e), the classification table compares the habitats
assigneci by discriminant analysis te the vtdeo-assigned habitats. PCC is the percentage
of correct classification. In the (d) panels sbown in Figures BJ-B.6. the Limp ancl Clam
habitats are always visuali weYl separated from the other habitat clusters. The habitat
assignations in the contingency tables cf Pigs. B.1, B.2, 3.4, anci B.5 aise differentiate
these two major groups. It is only in figures B.3 and B.6, which descrihe echoes acqmred
between 7 and 10 ni cf altitude, that most echoes are correctly assigned.
Ah selected VI variables described in panels (a) and (b) of figs. 3.1 to B.3 have at
one altitude range or another shown a high canonical weight or correlation with one of
the axes. This behavior suggests that VI is a good variable set for habita.t classification.
When tlie VE variables are used (Figs. B.4-B.6), the “Skew” and “DRSx” variables, which
always have strong correÏations ancl canonical weights with the axes. played inftuential
roles on our discrimination results. They allowed us te identify the sonar signatures of
the five dominant habitats found in a hydrothermal vent field, 2200 ni below the sea
surface.
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FIG. B.1 — Backscat.ter discriiiiiiiatioii resuits usmg VI variables auJ subtable 1-1m
xxiii
FIG. 3.2 - Backscat:ter discrirniiation resuÏts usiig VI variables and subtahie 1-7m
xxiv
FIG. B.3 Backscatter discrimi;iatioii resuits usillg VI variables ailci suhtable 7-10m
xxv
FIG. 3.4 Backscatter discrimiiiatiori resuits usiiig VE variables alld subtable 1-4 iii
xxvi
FIG. B.5 — Backscatter discrimiiatioii resuits usillg VE variables aiid subtable 4-7 m
xxvii
Fio. B.6
— Backscatter discrimination resuits usig VE variables auJ sul)table 7-10 m
APPENDICE C
DESCRIPTION AND USAGE 0F THE SONAREX
PACKAGE WRITTEN IN R LANGUAGE TO ANALYSE
THE IMAGENEX BACKSCATTERS.
Tliis beta version of Sonarex package was created to specifically analyse the natures of
the eclioes found within Imagenex hackscatters. Sonarex is an R package executahic
urider the R language. version 2.1.1.
Among the 76 ftmctions created during this Master pro Iect which were ail used to
coiistruct the Sonarex package, ive descnbed here only $ key functions. For more
cïetailled information please load Souarex package hi R console auJ consult the help
menus or the code itself.
sonarex xxix
Cd sonarex
The e.TtraCtOn and anaiyszs oj sonar signais for benthic habitat detection
purp uses
Description
This packages is used to filter backscatters and normalize them for depth. Folio
willg that, the first and second echoes are found in each backscatter. Three sets
of parameters are created from the echo areas. The flrst data set coutains intel—
sity variables, “VI”. The second data set contains extracted variables, “VE”. The
thrid data set, “VT”, contains the union of the VI and VE data sets. Sec analyse.
Each variable founci in the “VI” data set corresponds to a specific time interval in
a backscatter: the variables form a time series describing the echo intensities as the
signal rises and fails. The variables in the “VE” (iataset are of different types they
descrihe characteristics of the echo shapes.
HOW TO section
1. Import and convert the original sonar data iito a known and usable format
sec import. imatxt.
2. Use the ex-tract function to preform filtering, correction and variable extrac
t ion.
3. Use the analyse fimction to analyse the datasets found in the extract fimction
output list.
4. Interpet the results visually using either the graph. ldaTest or the
graph . rdaTest fiinctions.
A uthor(s)
References
Clarke, P. A. and L. J. Hamilton. 1999. The ABCS program for the analysis of echo
sounder returns for acoustic bottom classification. DSTO-GD-0215, Defence Science
& Technology Organisation, Australia.
Harnilton, L. J. 2001. Acoustic seabed classification systems. Defense Science &
Technology Organisation.
sonarex
Legendre. P. and L. Legendre. 1998. Numerical Ecology. Second Eiiglish eclitiori.
Elsevier. Anisterdam.
Legencire. P.. K. E. Effillgsen, E. Bjørnbom anci P. Casgrain. 2002. Acoustic sea
lied classification improveci statistical method. Canadian Journal of Fisheries anci
Aqtiatic Sciences 59 : 1085-1089.
MacQueen. J. 1967. Some methocis for classification auJ analvsis of multivariate
observations. 281-297 lii Le Cam L.M. and J. Neyman [eds.] Proceedhigs of the
Fifth Berkeley Symposium Ofl Mathematical Statistics auJ Probabulitv. Volume 1.
Uuiiversity of Califoniia Press, Berkeley.
See Aiso
import.imatxt, extract, analyse, rdaTest, ldaTest, graph.rdaTest,
graph. ldaTest.
import.iinatxt )CCX1
C.2 import.imatxt
This f’unct?on imports anft reads . TXT Imcigene.’r sonar files
Description
Tus function cail nnport orie or several Imagenex(TM) sonar files, so tliat they
cari be forwardecl to the extract fmiction, ami later analyseci with the analyse
function
Usage
import . imatxt
path = NA, number.file = NA, echolength = NA, limits = NA, refclate = NA.
clateformat = “od-%b-%Y”, timesep = “ :“, remove.all TRUE, see = TRUE
Arguments
path A vector of paths to the .TXT iniagenex files. These files were oh
tainecl hy converting the .$ib format files to .TXT. The conversion
prograni useci in our case is called $ib2txt.exe ailcI was provideti
by Imagenex corp. To convert the sonar files to .TXT, users should
contact their sonar eompany to obtain an adapteci file converting
program.
number
. file
If riO path is provided in “path”. this parameter clefines 110w many
files are to lie selectefi ilsing a lirowser. The (Ïefault is NA. If path is
defined, its length redefines number. file.
echolength
How long is each echo ? In other words. how many intensity values
make up each echo? The default is NA.
limits The coniplete path to a file descrihing the hmits ot the data sections
that are to be retained for analysis, i.e. their starting and endmg
times. The file data(keep. sequences) shows how snch a file shonici
lie wntten. The purpose of these limits is to prevent averagmg couse
cntive echoes acqnired in different areas. If the file paths to sonar
irnport.imatxt xxxii
transect provided in path are incliviclual transects, no value is requi—
red here since tlie time limits of cadi transect are knowu: they will
he used as limits. Tic default value is NA.
dateformat
Date format used. See strptime to finci out how to use tus pa
raineter. The default is “°hd—4b—4Y”. which stands for day—mouth
abreviation. and year in four digits.
timesep Time format separator used. Default is
remove . ail
To maie sure ail echoes provideci are temporaliv orclered, a filter is
used to find ail echoes labeiled by erroneous or non chronological
times. If set to TRUE, these echoes are removed; if set to FALSE, the
erroneous times are sliown to the user who is asked to decide what
to do. If, afrer five passes, errors are stiil found, a warning message
appears : transect were prohahly listed in the wrong order.
see Shows the erroneous tirnes, ancl in which files tic erroneous times
were founcl. Tic default is TRUE.
Details
Tic transects given must be entered in cironological order.
Value
datum Tic sonar data matrix ready to be seiid to extract.
Co lumn. 1 : Contains tic time in seconds past midnigit, to wiici we add 86400
seconds for every day aftertie reference date.
Co lumn. 2 : Tic sonar iead angle. O degree nieaiis facing straigit down, perpen
clicuÏar to tie substratum.
Co C umn. 3 : Tic estimated acquisition altitude iii metres.
Co 14—. t The equalÏy-spacecl intensity values used to descrihe tic backscat
ters.
limits Tic starting and ending times of eaci separate trausect found in the
data matrix “datum”. in seconds past midnight since “j .refdate”.
Tiese limits will prevent tic avera.ging of backscatters acquired in
different transects or at different locations.
j . refdate A numerical value descrihing the reference date, whici is tic earliest
date found in tie input data sets. Tus date is represented as tic
irnport.irnatxt xxxiii
immber of days sirice 1970-01-01, with negative values for earlier
dates. Sec Dates. E.g. j .refdate = as.numeric(Sys.Date).
path The path of the input files entereci.
No te
Please contact me if yOii are usmg another type of soiiar file. Make sure that in yonr
E-mail, you state the sonar type auJ program version you are using, auJ attach a
sniall sampie of your sonar data files. These files must be eclitable, auJ not uncier any
unusual compressed format. Aiso, provicle a quick definitiou for ail fields (columus)
in the file.
À’uthor(s)
$ee Atso
extract, analyse, Date
Exarnptes
# Usually, the user has f irst to import their txt files.
if Here is an example, imfortunatly the original files
if could flot 5e stored in this package
# The sonar imagenex file paths are given to R
# path=c(”LAVAÏ” “LAVA2” “LAVA3”, “LAVA4” “PERIl” “PERI2”
# “PERI3” “TUBEl” “TUBE2” #“TUBE3” “TUBE4” , “LIMP1” “LIMP2”
# “LIMP3” , “CLAMl” , “CLAM2” , “CLAM3” , “CLAM4”)
# path=paste(” /. . . /ALT” ,path,” .TXT” , sep=””)
if The files were imported using import.imatxt function
# vertical. transects<-import . imatxt(path=path, number . f ile=NA,
if echolength=2000, limits=NA, dateformat”\7d—\°/b—V/Y”,
if timesep=”:”, remove.all=TRUE, see=TRUE)
# Creating a smaller subset
if tmp<—sample(1:dim(vertical.transects$datum) [1], 1000)
if vertical.transects$datum<—vertical.transects$datuin[tmp[order(tmp)],]
if save(vertical.transects,file=”/. ./sonarex/data/vertical.transects.rda”,
if compress=TRUE)
if That is the data available
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C.3 extract
Extraction function that aÏso fiiters and corrects the sonar data
D escription
Prior to the extraction of the two datasets, VE ancl VI, the data in each backscatter
are corrected, filtered, and depth-normalizecl by this function. “VI”.
Usaqe
extract (
import.datmn = NA. save.data=fALSE, save.plot = fALSE, PathOut = NA,
Prefix = NA, show.echoes = fALSE. show.profiles = FALSE. avegroup = 1.
avesec = FALSE, time.filter = NA, tinielaps = 13.333, rnaxirniimv = 14000.
pulse = 100, tooweak 1000, newspacing 10, reson = 25, soundspeed = 1500,
alt.trigger = 0.8, depth.ref = 1, nb 5, dateformat = “‘od-%h-%Y”, timesep =
s”, perc.jump = 0.001, thresh.high 0.05, thresh.low = 0.005
Arguments
import . datum
The output list produced hy the import imatxt function.
save.data Will the data produced by this function be save in a file, TRUE or
FALSE. The default is FALSE, see PathOut.
save .plot If save.plot is set to TRUE and show.profiles is also TRUE, a .PDF
version of this plot wiÏl be created and the plot will not show in the
graphics wiiidow. The default is FALSE; sec PathOut.
PathOut The path to the folder where the output files will he created. If Pre—
fix is set to TRUE, the outpnt files will be stored in the LResults”
folder and the hasename given iII the patli will serve as the file prefix.
If no path is provided, the LResults” folder will be created in the
folder containing the first file read by the import. imatxt function.
Pref ix A logical value. If Pref ix is set to TRUE, the hasename given in
PathOut will adcled at the beginning of the name of each output file.
If set to FALSE no prefix will be added.
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show. echoes
Prociuces a graph showing where the program spiits and finds the
first and second echo starting anci ending points of each backscatter.
The default is FALSE.
show .profiles
Produce a graph showing the depth normalisation effect on the data
intensities. The clefault is TRUE. Because of the large number of
points drawn, that plot may take 1011g to produce (the Xli device was
found to Le much faster at cirawing this plot). This plot is very usefni
to try vaines anti and find the P’°P absorption rate that should Le
used in order to properly remove the effect of depth embedded in the
recorcleci signais.
avegroup The number of consecutive backscatters to average ont. The defatiit
is 1 : no averaging is donc. If set to 3, cadi set of three consecutive
echoes is averaged.
avesec When set to TRUE, ah hackscatters foulld within a one second interval
are averaged. Tic default is FALSE. Tus setting is used specially
when a conilparison will Le made with a visual survey accïuired with
one second intervals.
time . filter
The complete path of a file contaning erroneous time ranges, descri
bing sections that have to Le removed from the dataset. The default
is NA. Tins .TXT file contains 4 coLmins. In tic first two columns,
we have the date and starting time, while in tic third and fourth
columus are tic ending date and time of tic erroneous sections.
timelaps Tic timelapse between recorded echo intensities. The default is 13.333
microseconds.
maximumv The maxiilluIn mtensity value that can Le recorcled by tic sonar
software. Tic default is 14000. Ail inteusity values will Le converteci
to the O - maximumv mtensity scale.
pulse Tus is the sonar pulse lengti in microseconds. The default is 100
microseconds.
tooweak Wiile searching for tic correct altitude of acciuisition value for eaci
backscatter, ‘tooweak’ defines tic lower searciing lirnit. The default
is 1000 for a 14000 intensity maximum. Echoes with intensity peaks
lower than tooweak will Le discarcÏed.
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newspac ing
Due to the clepth normalisation procedure, time compression or ex
tension is necessary, leading to a necessary inteisity resampling.
newspacing is the new timelapse that will he useci to resample the
hackscatter interisities. The default is 10 microseconcls.
reson The number of iutensity values required to insure that the resouance
effect bas dissipated ftom the backscatters. The default is 25 t this
settiug would exeliicle froni tue analysis the first 25 intènsity values
fouïid in every backscatters.
soundspeed
The speed of sound iu water. The default is 1500 metres per secouci.
Set your own value usiIg the following website
http //freespace.virgin.net/sd.richards/speed.html.
alt . trigger
In each backscatter, once the maximum bas been foimcl, a search is
initiated to find the first point reaching 8O of that maximum. The
altitude of the sonar head will he estimated from a point around this
value. The defanlt for alt.trigger is 0.8.
depth. ref Since the hackscatters are clepth-uormalised, depth. ref sets the re
fereuce depth. The default is 1 metre.
nb Tus is a search criterion. The program will look for ub consecuti
vely i1creasing values to determine the ‘echo start’ point, auJ ‘ub’
consecutively decreasing value to determine the ‘echo end’ point. If
no sud sequeiices are fotmcl with ‘uh’, ‘nh’—l will he used, auJ so
forth until a echo starting auJ ending locations are identifiecl.
dateformat
This is the date format; see format . Date auJ strptime for Jetails.
timesep This defines the time format separator. Default is ‘
perc . jump The percentage of the echo maximum that must he jumpeci to he
considered a valid illtellsity increase or clecrease. The default is 0.001.
Sec nb.
thresh . high
To find an echo start or end position, one of the consecutive nb values
must be higher than tlie thresh.high percentage. The clefault is 0.05.
thresh. low
After the echo starting or euding points bave been locat.ed, the nea
rest value found below the ‘thresh.low’ perceiltage of the echo maxi
iiium is usecl as a reference for echo start auJ end detection. The
default value is 0.005 97o.
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Value
A list called extract data is retiirneci and saveci in PathOut.
Data matrix describi;ig ail echoes using the following 21 extracted
variables
Date Backscatter date of accluisition (YYYY-mni-dd).
Time Backscatter time of acquisition.
Altitude Computed altitude (serves as ID).
Fi ag Defines how many echoes are fomicl in every backscatter.
V. NeuA L t Computed altitude (serves as variable).
Vmx. sEl Maximum value in the smoothed El.
Vmn. sEl Minimum value founci betweeii snioothed E 1 and E2.
Vmx. sE2 Maximum value in the smoothed E2.
DR$x Fi Tinie distance hetween risc and set area centroids of El.
DRSy fi htensity distance hetween risc and set area centroids of El.
Area.R$.Ei
Proportion hetween El risc and El set area.
Area.RS.E2
Proportion between E2 risc and E2 set area.
Are a. R . E1E2
Proportion between E1 risc and E2 risc area.
Slcew. El Skewness value derived from the third statistical moment.
Histol lst histogram class of El intensities, based on matrix max.
Hi s t o...
His to7 Zth histogram class of El intensities, hased 011 matrix max.
‘VII A data matrix descuibing ah echoes using intensity variables
Date Backscatter date of acquisition (YYYY-mm-dd).
Time Backscatter time of accluisition.
Altitude Computed altitude.
flag How many echoes are found in every backscatter.
Inti —5 Averaged value of the first. five intensities.
Int6—iO Averaged value of the 6ti to lOth intensities.
mE. . . Continue till all intensity values have been averaged.
cail The cahi used to run the frmnction.
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No te
This is a heta version t the smoothing algorithm used will be improved iII order to
mcrese calculation speed. The fuuctioris used t.o locate the echo startiiig ancl encling
poilits will also l)F’ modifiec.
À ‘uthoT(s)
Rcferences
Clarke, P. A. anci L. J. Hamilton. 1999. The ABC$ Program for the allalysis of edo
501111(1er returiis for aconstic’ bottom classification. Defence Science Techuiology
Organisation.
Hairnltoii, L. J. 2001. Aeoiistic seabed classification systems. Defense Science
Technology Orgailisation.
Sec Also
import. imatxt, analyse
Examples
if Loading import.imatxt function output
# Example 1
data(vertical
. transects)
# These are sonar data acquired through vertical transects where each
# transect were acquired over only one habitat;
if f ive different habitats were sainpled.
s<-extract ( import . datum=vertical . transects,
PathOut=” /ALT .TXT”, Prefix=TRUE, save .plot=FALSE,
avegroup=1, avesec=FALSE, time.filter=NA, timelaps=13.333,
maximumv=14000, pulse=100, tooweak=1000, newspacinglO,
reson=25, show.echoes=FALSE, show.profiles=TRUE, soundspeed=1500,
alt .trigger=O.8, depth.ref=1, nb=5,dateformat=”d-4b-%Y”, timesep=”:”)
#Example 2
data(horizontal . transects)
#These are sonar data acquired through horizontal transects representing
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# the whole habitat gradient.
s<—extract( import datum=horizontal transects,
PathOut=”/INT.TXT’, Prefix=TRUE)
analyse xl
C.4 analyse
Anatsis of the matrices of sonar va’rtab les created by extract. R.
Description
This function analyses the two matrices generated hy the extract frmction. It can
compute either a canonical redundancy analysis (RDA) or a linear discriminant
analysis (LDA). Cross-validation can 5e performed, clifferent altitude sections eau
5e analvsefÏ separatly. If no classiheaiton VPCt0Ï (class.vec) is prVçIÏ, several par
titions will 5e found by K—nieans : the partition that corresponds to the maximum
value of tue Cali;iskv-Harabasz criterion will 5e selected.
Usage
analyse (
extract.data = NA, VIS = NA, alt.sect = NULL. fiag = 0, use = “VT, keep =
NA, method ‘RDA”, class.vec = NULL, vahdation.perc = 0.3, nperm = 999,
criterion = ca1inski’, select.grpmt = TRUE, cluster = NA. min.g 2, max.g =
25, grpmts.plot = TRUE, dateformat = d-%b-Y’, timesep = :“, print.res
TRUE
Arguments
extract data
This can 5e either the loaded output Ïist created hy the extract
function, or the path to the “?? ?extract.RData” file which contains
the list. It eau also 5e left to NULL: in that case, tlie user will 5e
askef-l to clioose a file.
VIS Tins can 5e either a loaded matrix or a path to a .TXT table. The
mformation founci in this table contains the visual analysis of the
footprint areas. Continous monitoring was performed and the infor
mation seen was described for each second of the sonar surveys; sec
VIS. analysis. Note: no VIS file will 5e usecl with the ‘LDA” method
(see ldaTest), but it is necessairy when using tue “RDA’ method (sec
rdaTest). If a VIS file is requirecl whule this parameter is equal to
NA, a selection hrowser xviii pop up.
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alt . sect Tius pararneter is used when the echo variables from dlifferent alti
liide ot acquisition are to lie analvsed separately. A matrix (iehmllg
the selected altitude ranges iii meters (n x 2) must he provided. Co
lumn 1 coiltains the liegïnlling (inclusive) while column 2 contains
the end (exclusive) of cadi altitude section. Each lue corresponds to
a separate altitude sectioll 011 whidh the analysis will lie performed.
If NULL. the whole altitude range founci in tue data set will lie used
in tIc analysis.
f lag This pararneter inclicates which ifag state shoulci lie used in tIc ana
lysis.
2 Use the first and second echo sections.
1 5 Use both tIc first edo and second edo risc sections.
1 Use only the first echo sections.
use Defines which variable set will lie used in tIc analysis.
The analysis is mn on the comhiuued set of intensity and extracted
variables (combines the VI and VE matrices).
The aiiaÏysis is mn On the extractecl variables only.
“VI” The analysis is run on the intensity variables only.
keep This is either a loaded matrix or a path to a .TXT table. This matrix
gives the times sections that are to lie use iii the analysis. TIc matrix
is of dimension (n x 4). In columns 1 and 2, it provides tIc date and
time of eadh section starting point; in the colunms 3 aiud 4 are found
the date and ti;ue of tIc end of these sections. Make sure that tIc
date format is tIc same as specifled in dateformat.
method This is either linear discriuuuuant analysis (“LDA”, sec ldaTest) or
canomcal redundancy analysis (“RDA”, sec rdaTest). The “RDA” ilie
thod requires a niatrix of response variables and a set of site vi
smial descriptors describing coutinuously tIc studied area. Since tIc
k.means parameter is set to TRUE hy default, a partition vill lie pro
duced and shown in tIc plot using either ellipses or stars. TIc “LDA”
method requires a grouping vector. If no vector is provided. a parti
tion is produced hy K-means.
class . vec A vector of classes eau lie provided for every backscatter. If noue is
provided, one will he created hy K-means analysis of tIc sonar data.
If more tIan Olld altitude section is given, class.vec wiÏl be estimated
for each suhmatrix. This option works onïy for tIc “LDA” method.
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validation. perc
If the “LDA” method is used. a model is procluceci anci writt.en to
the output ohject. If the value of this parameter is 1, 100 % of the
data wiÏl 5e used to construct anci validate the model. If O
. Z is used,
70 % of the data will be used to construct the model and the other
ranclom 30 will be used to validate the rnoclel. If O % is useci, a
pop-up hrowser will appear anci xviii ask the user to loaci an existing
model and mn the data on it (option not impiemented yet).
nperm The number of permutations useci in the tests of significance.
criterion 15 different criteria can 5e used to decidecl about the best parti
tion of the data. The clefauÏt is “calinski”. See the help file of the
clustlndex function.
select . grpmt
Allows the user to select its oxvn partition if TRUE (default value).
min
. g The minimum rmmher of groups in tue K-means partition cascade:
the defauit value is 2.
max
. g The maximum number of groups in the K-means partition cascade;
the defauit value is 25.
grpmts .plot
Shows a plot of the hest partition obtaineci by K-means, sec
criterion.
dateformat
This is the date format; sec format . Date and strptime for details.
timesep Ibis defines the time format separator. The defanit value is ‘ :
print . res Either TRUE or FALSE. When TRUE, the resuits are printed in the
R whxdow.
Detaits
This is a heta version.
Vaine
A hst is returned. For each matrix that was anaiysed, the resuits of either ldaTest
or rdaTest are stored in that hst. CousequentÏy to reach them. type (for instance)
s$resuits[{Ï]].
Author(s)
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References
Legendre. P. and L. Legendre. 1998. Numerical Ecology. Second English edition.
Elsevier, Amsterdam.
Legencire. P.. K. E. Ellingsen, E. Bjrnbom and P. Casgrain. 2002. Aconstic sen-
Lcd classification : improved statistical method. Canadian Journal of Fisheries auJ
Aquatic Sciences 59 1085-1089.
MacQueen, J. 1967. Some methods for classification auJ analysis of multivariate
observations. 281-29f in Le Cam L.M. auJ J. Neyman [eds.] Proceedings of the
Fifth Berkeley Symposium on Mathematical Statistics auJ Probability. Volume 1.
University of CaÏifornia Press, Berkeley.
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Exarnp Ïes
data(ALTextract)
#
# ANALYSIS 0F A VERTICAL TRANSECTS #
# Constructing a partition vector based on the acquisition times
times<—time2spm(date=extract.data$VE[, 1], time=extract.data$VEt,2],
dateformat=”°/Y-m-°hd’T)
lava<— time2spm(date=zc(”19—AUG—2002” , “19—AUG—2002”),
timec(19:55:O2.64u,u2O:23:34.55hI))
peri<— time2spm(date=c(’19—AUG—2002” , “19—AUC—2002”),
timec(”20:23:34.56”,”20:52:31.90”))
tube<— time2spm(date=c(”19—AUG—2002” , 1119_AUG_200211),
timec(”20:52:31.91’ ,“21:32:00.67”))
limp<— time2spm(date=c(”19—AUG—2002” , “19—AUG—2002”),
timec(”21 :32:00.68 ,“21:54:44.80”))
clam<— time2spm(date=c(”19—AUG—2002t1, “19—AUG—2002”),
timec(”21:54:44.81”,’22:22:48.39”))
class .vec<—rep(0,length(times))
for (i jfl 1:length(times)){
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if(times[i]>=lava[1] tc times[i]<lava[2]) class.vec[i]<—1
if (times[i]>=peri[1] & times[i]<peri[2]) class.vec[iJ<—2
if (times[i]>=tube[1] & times[i]<tubet2]) class.vec[i]<—3
if (times[i]>=limp[1] & times[i]<limp[2]) class.vecti]<—4
if (turnes [il >=clam[1] & tirnes [j] <clam[2]) class . vec [j] <—5
}
v<—class .vec
v[v==1] <“Lava”•
v[v==2]<—”Peri”;
y tv==3] <- “Tube”;
vtv==4] <-“Limp”;
v[v==5] <—“Clam”;
class.vec<— factor(v)
if Linear discriminant analysis (LDA) is used for the analysis
s<—analyse(extract .data=extract .data, VIS=NA,
alt.sect=NULL, use= “VT”, keep=NA, class.vec=class.vec,
validation.perc=0 .30,
nperm=9, criterion=”Calinski”, select.grpmt=’TRUE, f lag=2,
method=”LDA”, grpmts .plot=TRUE)
if #
if ANALYSIS 0F A TYPICAL HORIZONTAL TRANSECTS if
# #
data(INlextract)
# Along with a visual transect
data(VIS . analysis)
# Redimdancy analysis (RiDA) is used for the analysis
s<-analyse(extract . dataextract . data, VIS=VIS . analysis,
alt .sectNULL, use=”VT”, keep=NA, class.vec=NULL,
validation. per c=’O .30, nperm=9,
criterion=”Calinski”, select .grpmt=FALSE, f lag=2,
method=”RDA”, grpmts .plotTRUE)
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C.5 ldaTest
C’orr,pute a lz’nea’r discriminant a’ïtatyss
D es cription
This ftmctioi performs a lillear discriminant analysis and complernents the resuits
with some statistical resuits which facilitate the hiterpretatioli.
Usage
lclaTest
X.mat, group. print.res = TRUE, alpha 0.05, cross NULL
Arguments
X. mat X.mat (nxm) coiitains the explaiiatory variables. The number of va
riables ‘ni’ is computed after eliminating collinear explanatory va
riables, if anv.
group A vector or factor of length (ii) describing the group to which cadi
ohlect described hi X .mat belongs.
print res If set to TRUE, prillt most of ldaTest ontput to the screen.
alpha Statistical threshold; default is 5%.
cross Describes tic percentage of tie Oi)jedts that will be used to create
the model; cross-validation will he performed ushig the remainiilg
ohjects. Tic default is NULL: in that case 100% of tic objects are
used to create tic model and 100% are used to test it.
Value
The fuiiction returus an output list containing tic following elements
VIF Variance inflation factors for the explanatory variables X; the value
O desigilates entirely collinear variables.
canEigval Canonical eigenvalues.
C Matrix C (pxk) containing tic “Final vectors for tic explanatory
variables”.
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F model IViatrix (nlxk) of ohject scores for the coustructetl illodel.
f predict (iixk) Matrix of object scores for the object used iu the prediction.
St at s
Homo Usiug KulÏback’s statistic, we test the hypothesis of homogeneity of
the withiu-group dispersiou matrices.
Axes Resuits of Wilks’ratio test of sigiiificance for ail axes together. then
after removmg the first axis, auJ 50 011 imtil the remaiuing axes are
no longer siguificant.
Class Ftn Matrix (kxp) of weights giveil by the cauonical fuuctious.
Scores Matrix describing the scores obtained using the classification func
tions with the objects. It cross is not NULL uor 1OOo, the Scores
matrix descrihes only the object that were iiot used to construct the
discrimant model.
Grp . Yod The groups originally ohserved for the (ïul) objects used to construct
the model.
Grp Obs The groups originally observed for the (112) ohjects used to validate
the model.
Grp Ass The groups assigned, ising the model, to the (n2) objects used to
validate the model.
Grp.Ctr.Mod
Grotip centroids based on the Grp.Mod groups.
Grp.Ctr.Mod
Group centroicis hased on the Grp.Ohs groups.
Grp.Ctr.Mod
Group centroids based ou the Grp.Ass groups.
Class.Table
The group classification (or confusion”) table.
A’uthor(’s)
Pierre Legendre Sehastien Durand, Universite de Montreal.
References
Legendre, P. and L. Legendre. 1998. Numerical Ecology. Second English Edition.
Elsevier, Amsterdam.
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E.xamples
# Example 1, f rom Legendre & Legendre (Numerical ecology, 1998) P. 626
XY.mat<—matrix(c(1,2,2,8,8,8,9,2,2,1,7,6,3,3) ,7,2,byrow=FALSE)
groups<—c(1, 1,1,2,2,3,3)
results <- ldaTest (XY .mat , group=groups)
graph. ldaTest (results, ell=fALSE)
# Example 2
XY.mat2<-rbind(XY.mat,XY.mat+0.5,XY.mat-0.5,
XY.mat+0.2,XY.mat-0.2,XY.mat+0.3,XY.mat-0.3)
grou.ps2=c ( ‘‘La’’ , , ‘‘La , ‘‘BE’’ , ‘‘BE’’ , ‘‘CO’’ , ‘‘CO’’)
groups2=c (rep(groups2 .7))
colnaines(XY.mat2)=c(”Ell1”,”E112”)
rownames (XY . mat2)=paste (“a’ , 1: nrow(XY .mat2))
# Construct a model using 40°h of the data and use the remaining 60°!. for
# prediction by cross-validation
resuits <- ldaTest(XY.mat2, group=groups2,
print . res=fALSE, cross=0 .4, alpha=O .9)
# Plot the model with the observed groups; reverse axis 1
graph.ldaTest(results,plot .what=”model”, xax=-1, yax=2, lty.ell=2,
col.ell=”dark green”, ell.axis=TRUE, pos.ctd=4)
# Plot the predictions with the assigned groups.
if Variable Ell1 in column 1 is binary
graph.ldaTest(results, xax=1, yax=2, binary=1, pos.ctd=1)
# The ellipse drawn seem large. This is because they represent a 95°/
# confidence intervals and the number of objects is small.
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C.6 rdaTest
Compute a canonicat redondancy a’naÏysis
Description
This ftmctioll computes simple redundancy allalysis (RDA) for partial RDA, with
permutation tests, followillg the algorithm descrihed in Numerical Ecology, Chapter
11 (Legencire & Legencire, 199$).
Usage
rdaTest (
YY.mat, XX.mat, which.cov NULL, scale.Y = FALSE, testF = NULL, nperm
= NULL print.res = TRUE, print.cum = fALSE
Arguments
YY . mat The (nxp) site-hy-species data table.
XX mat The (nxm) table of explanatory variables. The number of variables
t m) is recompnted after elimillating coffillear explanatory variables,
if any. Covariables, if any. are also found in that table.
which. cov A vector (Ïxmax(m-1)) defining the covariables by their column
numbers in XX.mat.
scale . Y A logical value (TRUE or FALSE) defining if YY.mat should be stan
dardized tTRUE), 0f Ollly ceutred on the colunm means (FALSE).
testF If NULL. the program will ask the user if he/she wishes to test the
F statistic. If testF is TRUE or FALSE, 110 question will he asked;
the program will perform the test, or not, iII accordance with that
indication.
nperm Number of permutations for the F test. If NULL, a question will he
asked by the program.
print . res Prints most of the rdaTest output on the screen.
print. cum Prints tue fractions of the respoiise variable’s (e.g. species) variances
explained by canonical axes 1, 2, 3, ... and by the whole canonical
analysis.
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Value
If print.res = TRUE, the ftmction prints tue following information to the R window
1. The variance inflation factors for the explanatory variables (the covariables are
not inclucled in these calculations).
2. The hiinultivariate reclmidancy statistic (canonical R-square), as well as the
adjusted R-square when there are no covariahies in the analysis.
3. Test of significance of the canoiiical relationship : the F statistic ami I’’—
tational prohability. Note the clegrees of freedom of F are not corrected for
collinearity between the explanatory variables and the covariables. This lias no
influence on the associated permutational probability.
4. The number of ohjects, number of response variables, anci nilhiber of expia
natory variables after reinoving collinear variables; the nmnber of canonical
eigenvahies larger than O.
5. The total variance in iïiatrix YY.mat, i.e., the SS/(n-1).
6. The eigenvalues, relative eigenvalues, and the cumulative 9o the variance of
species data accounted for by the sucessive canonical eigenvalues.
The frmction also returns an output list containing the following ELEMENTS
VIF Variance inflation factors for the explanatory variables X ; the value
is O for entirely collinear variables. The covariables are not included
in this calculation.
canligval Canonical eigenvalues.
U (pxk) Canonical eigenvectors normalized to 1 (scaling 1).
USc2 (pxk) Canonical eigenvectors normalized to sqrt(eigenvalue) (scaling
2).
F (Lxk) Matrix of ohject scores (scaling 1).
z (nxk) Matrix of fitted object scores (scaling 1).
FSc2 Matrix of object scores (scaling 2).
ZSc2 Matrix of fltted object scores (scaling 2).
biplotScoresl
Biplot scores of explanatory variables (scaling 1).
biplotScores2
Biplot scores of explanatory variables (scaling 2).
fitSpe Table of cumulative fit per species (in ) as fraction of variance of
species.
rdaTest
VarExpi Vector of total ¾ fit per species after ail canonical axes.
ProbFrda Probability associated with F test of the canon cal relationship.
X. mat Original X matrix (required by the plot.ting function).
AxisVar Eigenvalues as in Canoco : fraction of variance of YY.mat explained
by each canonical axis.
A uthors)
Pierre Legendre and Sebastien Durand, Universite de Montreal.
References
Legeuctre. P. and L. Legendre. 1998. Numerical Ecology. Second English Eclition.
Elsevier, Amsterdam.
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Exarnp les
# Example from Legendre & Legendre (1998), p. 590, Table 11.3
data(coral)
Table = as.matrix(coral)
Y=Table[,1:61
X=Table[,Z: 10]
# Numerical Ecology
resultats <— rdaTest (Y, X, nperm=99 , testf=TRUE)
graph.rdaTest(resultats,plot.type=”F” ,stars=FALSE,lty.ell=3, centroid=FALSE)
#or
graph.rdalest(resultats,plot.type’F”,lty.ell=3,pos.site=4, mai.perc=0.15)
resultats <- rdaTest(Y,X,testF=TRUE,nperm=9,scale.Y=FALSE,
print . resFALSE, print. cum=fALSE)
graph.rdaTest(resultats,xax=—1 ,yax=2, mul.spc=0.90,
mul.env=0.70, mul.text=0.10, scaling=1,
plot .type=”F” ,mai.perc=0. 15, stars=FALSE, pos.site=4, centroid=FALSE)
graph. idaTest li
C.7 graph.ldaTest
DispÏay tda Test Tes’utts
Description
Tliis is a highly flexible cirawing device for discriminant analysis resuits.
Usage
grapli. ldaTest (
ldaTest. xax = 1, yax = 2. plot.wliat = p.assign’, biiiarv = NULL. centroids
= TRUE. cil = TRUE. sites = TRUE, stars = TRUE, alpha = 0.95. fllter.env
= NULL, saveplot = FALSE, path = NULL, width = 6, height = 6, xlim =
NULL, ylim = NULL, lwcl = 1, leu 0.1, lty.env = 1, lty.ell = 1, lty.axis = 2,
lty.stars = 1, col.env = “bine”, col.group = NULL, col.ell = “black”, col.ctd =
“black”, pos.ellv = 4, pos.bh 4, pos.site NULL, pos.ctd = 4, cex.eiiv = 1,
cex.site = 1, cex.ctcÏ = 1, cex.axis 1, pch.hin = 21, pch.site = 21, pch.ctcl
23. ell.axis FALSE, mul.env 0.9
Arguments
ldalest The ldaTest output.
xax The inatrix columu to be used as the ahscissa of the Ma graph. This
value eau be negative: if so, the plot axis will he reversed.
yax The matrix columu to be used as the ordmate of the Ma graph. This
value can be uegative: if so, the plot axis will be reversed.
plot .what Can he set to either “model”.”observe”. or “assign”. If model” is
selected. the data used to coustruct the model as well as the origha1
(ohserved) groups are sliowi. If ‘observe” is used. the data used for
validation are plotted along with the observed groups. f iually and
the defauit, the data used iII model validation are plotted along with
the groups assiglled to them hy the model.
binary A vector specifyiug which of the euviromriental variables are hinary.
The data poillts possessing the characteristics iII ciuestioll will be
averagecl aucl represented by a symbol instead of an arrow, as in
Canoco.
graph .Ïda Test lii
centroids If set to TRUE, group centroids are cirawil.
eh Draw confidence ellipses around groups of poiuts deflued by a vector
defluing the group assignrnents of tire objects; see alpha below.
sites Shows hy default the sites ou the plot ‘FALSE” wili not display the
sites.
stars Shows hy default stars on the plot: stars are hues liuldrrg each site
to its respective group centroid. “FALSE” wiÏl irot display them.
alpha The confidence region of the ellipses (e.g. : 0.90, 0.80, etc.) Default
value : 0.95.
f ilter. env
A percentage vaille which filters ont environmental variables associa
ted to very short vectors. Based 011 the total leugth of all enviroumeu
tal variables, only those wbose leugths are greater than tire specified
perceutage will 5e displayed. The default is NULL :no filterillg.
saveplot The plot cari be saved to a .pdf file. If set to FALSE, tire plot will
ouly he plotted iu a window. If set to TRUE, uo graph wiÏl he plotted
011 the screen, but a pdf file will created.
path Complete path to the file in which the plot will be saved; example
/Desktop/toto.pdf’.
width Plot width iII juches.
height Plot height in iirches.
xlim Vectors descrihing the x axis minimum and maxinmni of tire plotted
regiou.
yhim Vectors descrihiirg the y axis uumiinmn aird inaxinrum of the plotteti
regiou.
lwd Liue width for the axes. arrows, aud ellipses.
len Length of tire arrow heads.
lty. env Tire ellviroirmeirtal variables arrow drawing type.
lty. spc Species variables arrow drawing type.
lty. eh Tire drawing type for ellipses sec ‘lty’ in tire help documeutatiou
file of par.
lty. axis Tire drawiug type of axes, dotted limes. etc. Sec par.
lty. stars The hue type for stars. Sec par.
col . env The euviroumeutal variables arrow aud text color.
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col group By defanit, each group is assigned a different colour, so that sites
anti gi•oup centroids bave an ideiitifiahle col()ur. which is tunctimi
of their group menibership.
col . eh Colour of the ellipses.
col . ctd Colour of tlie centroicis.
pos . env Position offset for the narnes of the environrnental variables : 1 =
hottom, 2 left, 3 = top, 4 = right.
05 . bin Position offset of t.he binary environrnental variables names 1=bot-
tom, 2=left, 3=top, 4=right.
0S
. site Position offset of the site names : 1=bottom, 2=left, 3=top, 4=right.
05 . ctd Position offset of the group centroid names l=bottom, 2=left,
3=top, 4=right.
cex. env Font size for environmeutal variable labels.
cex. site font size for sites labels.
cex. ctd Font size for centroid labels.
cex. axis Font size for axis names.
pch
. bin Syrnbol used to represent binary variables. Sec pch definition in the
points function.
pch. site Symbol used to represent sites. Sec pch clefinition in the points
function.
pch. ctd Synbol used to represent centroids. Sec pch clefinition iII the points
frmnction.
eh, axis If TRUE, draw the major and minor axes of the ellipses.
mul . env The ellvironmelltal variable arrows are initially expancÏed or compres—
sec to fit within the plot borders and be clisplayecl with maximum
spread. mul . env is a multiplier used to modify the arrow proportions.
By default, 0.90 is usecl to give some room for the arrow labels.
Valu e
A plot is returned.
Author(s)
graph.ldaTest liv
$ee Aiso
ldalest
Exarnples
data(lda. analyse)
# Default
graph.ldaTest(s$results[[1]])
if Without the ellipses and sites
graph.ldaTest(s$results[[1]], ell=FALSE, sites=FALSE, cex. ctd=2)
# Without in gray and without the stars
graph.ldaTest(s$results[[1J], pch.site=1O, col.group=gray(O:3/3),
stars=FALSE)
# With binary variables the ten f irst, and some visual f iltering of weak
if environnental variables
graph.ldaTest(s$results[[1]], col.group=gray(O:3/3), stars=FALSE,
ell.axisTRtJE, col.ctd=”red’, binaryc(1:1O), filter.env=O.04,
cex. ctdl .5)
if In a zoomed window
graph.ldaTest(s$results[[1]] ,sites=FALSE,col. ctd=”red”,
xlim=c(—2,2) ,ylim=c(-2,2), pos.env=3)
# Having f iltered the environmental variables that does flot show
if much influence on the displayed axis
graph.ldaTest(s$results[[1]], col.group=gray(O:3/3), stars=FALSE,
sites=FAISE,ell.axis=FALSE,co1.ctd=”red”,filter.env=O.O5, pos.bin4,
05 . env2, lty. axis=O)
graph .rdaTest lv
C.8 graph.rdaTest
Dispiay the rUa Test o’utpvt
Description
Ibis is biglily flexible drawmg (Ïevice
Usage
graph.rdalest(
rdaTest, xax 1, yax = 2, scalirig 1, plot.type = “notchoseii”, hiriary
NULL, groups = NULL, centroids = TRUE, cil TRUE, sites = TRUE, stars
= FALSE, lahel.env = TRUE, labeLspc = TRUE. lahel.site = TRUE, alpha
0.95. saveplot FALSE, patli = NULL. width = 6. height 6, xlim = NULL.
ylim = NULL,lwd 1. leu 0.1. lty.eiw = 1, ltv.spc = 1, lty.ell 1. lty.stars
= 1. lty.axis = 2. col.eiiv “blue”,col.spc = “red”, col.groups = NULL. col.ell
‘black”, col.ctd = hlack”, pos.eiiv = NULL. pos.bin = 4, pos.site = NULL.
pos.ctd = 1, cex.eiw = 1, cex.spc = 1. cex.site = 1. cex.ctd = 1. cex.axis = 1.
pch.hin = 21. pch.site 21, pch.ctd = 23. ell.axis FALSE, mul.spc = 0.90.
mul.env = 0.90, nml.text = 0.10, mai.perc = NULL
Arguments
rdaTest The rdaTest output.
xax & yax The matrix columus to be usecl as the ahscissa ailci ordiiate in the
uda graph. These value cari be negative; if so, the plot axes will be
reverscd.
scaling Allows the user to choose hetweeu the two scaling types, 1 or 2.
plot.type Either 11f = site scores, or “Z” = fitted site scores.
binary A vector specifying which of the environmental variables are biiary.
The data points possessing the characteristics iII question will be
averaged and represented by a symbol instead of an arrow, as in
Canoco.
groups A vector clescribing the group assignrnent of ail ohjects.
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centroid A Iogical value (TRUE or FALSE) clefining if centroids are to lie
drawn.
eh A logical value (TRUE or FALSE) defimng if confidence ellipses
around groups of points are to lie drawn. Group memhership is des
cribed in “groups”. Sec exaniples below.
sites A logca1 value (TRUE or FALSE) defining if the sites are to lie
clrawn on the plot.
stars A logical value (TRUE or FALSE) clefining if stars (unes linking cadi
site to its respective group centroici) are to lie cirawil 011 tic plot.
label env A logical value (TRUE or fALSE) defining if tic environmental va
riable names are to lie prmtecl on tic plot.
label . spc A logical value (TRUE or FALSE) defining if tic species names are
to lie prmted on the plot.
label.site
A logical value (TRUE or FALSE) defining if tic site names are to
lie priiited on tic plot.
alpha Tic confidence region of tic ellipses (e.g. 0.90, 0.80, etc.) Default
value 0.95.
saveplot Tic plot eau lie saved to a .pdf file. If set to FALSE. tic plot will
only be plotted in a window. If set to TRUE, no grapi will lie plotted
ou tic sereen, Ï)llt a pclf file will created.
path Complete path to tic file in wiici tic plot will be saved; example
/Desktop/toto.pdf’.
width & height
Plot wicltli auJ height in mciies.
xhim & ylim
Vectors descrihing tic x and y axes mininnun auJ niaximuiii of tic
pÏotted region.
lwd Line widti for tic axes, arrows. and ellipses.
leu Leugth of tic arrow heads.
lty. env lie enviroumental variables arrow drawing type.
lty. spc lie species variables arrow drawing type.
lty. ell Tic drawing type for ellipses; sec Jty in tic ielp documentation
file of par’.
lty. stars Tic lime type for stars. Sec par.
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lty. axis The drawing type of axes, clotted unes, etc. Sec par.
col . env The eiivironmental variables arrow allcl text colour.
col spc The species variables arrow alld text colour.
col . group By defanit, each group is assigned a different colour, so that sites
and group ceutr()i(Is have ail identifiable C( )lUltl. whh-h is a functioii
of their group rnembership.
col . eh Colour of the ellipses.
col. ctd Colour of the centroids.
05 . env Position offset of the environmental variable names 1=bottom,
2left. 3=top, 4right.
05 bin Position offset of the bhary environrnental variables narnes 1bot-
tom, 2left, 3=top, 4=right.
05 . site Position offset of the site names : 1bottom, 21efr, 3=top, 4=right.
pos ctd Position offset of the group centroid names 1=bottom, 2=left,
3=top. 4=right.
cex. env Font size for eiivironinental variable labels.
cex. spc font size for species ilames.
cex.site Font size for sites labels.
cex. axis Font size for axis Ilames.
pch bin Symbol used to represent bhary variables. Sec pch clefinition in the
points fmiction.
pch. site Symbol used to represeïit sites. Sec pch clefinition in the points
functioil.
pch. ctd Symbol useci to represeiit centroids. Sec pch dehnition in the points
fmiction.
eh . axis If TR.UE. cÏraw the major and unnor axes of the ellipses.
mul . spc The species variable arrows are iiitially expanded or compressecl to
fit within the pl( t borders ami Le displayet I with maxinuim sprea I.
mul
. spc is a ilmltiplier used to modify the arrow proportions. Bv
default. 0.90 is used to give SO1I1C room for tue arrow labels.
mul . env The same as mul . spc but for the enviroumental variable.
mul . text Text position at the end of each arrow, plus a percentage of the arrow
length: the default value is 10Yo.
giaph .rcki Test lviii
mai . perc AÏlows to iucrease or decrease the margin size, using a percentage
of the total width and height of the grapli. ihat value is hetween O
ancÏ 1.
Vaïne
A plot is returiied.
A’uthor(’s)
Sec Aiso
rdaTest
EŒamp les
#see \code{\link{rdaTest}}
data(rda. analyse)
graph.rdaTest(s$results[[1]], plot.type =
#Find groups
toto<—wrapluneans(s$results[[1]] [[6]] ,2,5,iter=9,criterion=hlcalinskilT)
toto2<—plotkmeans (toto)
#in this case we take the 5 group solution
graph.rdaTest(s$results[tl]], plot.type = Z, groups=toto[tl]] [,4],
label. site=fALSE)
graph.rdaTest(s$results[[1]] , plot.type = “Z”, groups=toto[[1]] [,41,
lty.env=O, lty.spc=O, ell=FALSE, stars=TRUE, label.site=FALSE,
xlimc(—1,1), ylim=c(—1,1))
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